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ABSTRACT

Owing to the 4.0 industrial revolution condition monitoring maintenance is widely accepted as a useful approach to
avoiding plant disturbances and shutdown. Recently, Motor Current Signature Analysis (MCSA) is widely reported
as a condition monitoring technique in the detection and identification of individual and multiple Induction Motor
(IM) faults. However, checking the fault detection and classification with deep learning models and its comparison
among themselves or conventional approaches is rarely reported in the literature. Therefore, in this work, we present
the detection and identification of induction motor faults with MCSA and three Deep Learning (DL) models namely
MLP, LSTM, and 1D-CNN. Initially, we have developed the model of Squirrel Cage induction motor in MATLAB
and simulated it for single phasing and stator winding faults (SWF) using Fast Fourier Transform (FFT), Short
Time Fourier Transform (STFT), and Continuous Wavelet Transform (CWT) to detect and identify the healthy and
unhealthy conditions with phase to ground, single phasing and in multiple fault conditions using Motor Current
Signature Analysis. The faults impact on stator current is presented in the time and frequency domain (i.e., power
spectrum). The simulation results show that the scalogram has shown good results in time-frequency analysis for
fault and showing its impact on the energy of current during individual fault and multiple fault conditions. This
is further investigated with three deep learning models (i.e., MLP, LSTM, and 1D-CNN) for checking the fault
detection and identification (i.e., classification) improvement in a three-phase induction motor. By simulating the
three-phase induction motor in various healthy and unhealthy conditions in MATLAB, we have collected current
signature data in the time domain, labeled them accordingly and created the 50 thousand samples dataset for DL
models. All the DL models are trained and validated with a suitable number of architecture layers. By simulation,
the multiclass confusion matrix, precision, recall, and F1-score are obtained in several conditions. The result shows
that the stator current signature of the motor can be used to detect individual and multiple faults. Moreover, deep
learning models can efficiently classify the induction motor faults based on time-domain data of the stator current
signature. In deep learning (DL) models, the LSTM has shown better accuracy among all other three models. These
results show that employing deep learning in fault detection and identification of induction motors can be very
useful in predictive maintenance to avoid shutdown and production cycle stoppage in the industry.
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1 Introduction

The advent of the fourth industrial revolution has made machine-to-machine interaction possible
with sophisticated sensors that allow real-time adaption, analysis, and optimum decision-making
easy. In the industrial revolution, induction motors as the workhorse of industry are utilized in most
industrial processes and domestic applications. They can be found in numerous applications such as
blowers, exhaust fans, pumps, and overhead cranes. Due to a harsh operating environment, they are
exposed to different conditions, which create faults in them. Continuous monitoring and interaction
of motor operating parameters such as vibration, current, and temperature with sensors enable us
to diagnose and identify the related issues within interconnected processes and even plan predictive
maintenance [1–3]. Faults in Induction motors (IM) could be electrical or mechanical. Single phasing
and Stator winding faults (SWF) are significant electrical faults. Single phasing is the worst-case
scenario of supply unbalances causing overheating of the motor. Stator inter-turn winding faults could
lead to severe stator winding faults such as phase winding to the ground [4–7]. Faults can be avoided
and repaired if detected early.

In industrial, commercial, and domestic applications, the widely used motors are induction motors
due to having less cost and ruggedness. However, a motor can fail suddenly due to non-observance
and less maintenance in certain operating conditions. It is reported that 35 to 40 percent of induction
motors fail due to electrical faults [8]. These faults include electrical supply faults (phase unbalance
and single phasing), rotor faults (broken rotor bar) and, stator faults (turn to turn, coil to coil, phase to
phase, phase to ground) [8,9]. Due to the unbalanced three-phase supply, the motor’s current exceeds
the rated value. In consequence, the winding temperature increases and efficiency reduces. As shown in
Fig. 1, the worst-case scenario of the unbalance is the missing of any single phase in three-phase supply
voltage that may occur due to various reasons such as faulty contact of the circuit breaker, looseness
of wires, starter contacts open, blown a fuse. In this case, the current of a lightly loaded motor could
increase up to

√
3 times of stator current [10].

Figure 1: Single phasing

If single phasing occurs, the motor runs the load until it burns out or, the thermal overload relay
turns OFF the motor due to an excessive current.
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An unbalance supply voltage is observed when voltages of three-phase supply voltage are not
equal and induce sideband frequencies [11,12] into stator current as given in Eq. (1).

f = (1 + 2k) fs (1)

where f is the induced frequency in stator current, fs is the line frequency, and k = 1, 2, 3 . . .

Another type of electrical fault is the short circuit in the stator winding, which progresses from
inter-turn to inter coil, phase winding, and phase to ground fault, which can develop quickly and result
in motor breakdown [13]. Due to stator inter-turn, the fault frequencies developed in the stator current
are given as in Eq. (2) [8,9].

fs = {n/p (1 − s) ± k (2)

where, p is the number of pole pairs, n = 1, 2, 3 . . . and k = 1, 3, 5 . . . , likewise.

1.1 Motor Current Signature Analysis (MCSA) in Fault Detection
Researchers are always keen to find and detect various faults using various measurements and

signal processing techniques to avoid catastrophic failures of induction motors. Detection of different
unhealthy conditions/faults quickly at the start could increase the motor’s life [14]. Motor current
signature analysis (MCSA) is the widely used technique for the condition monitoring of IM. In MCSA,
different signal processing techniques are used to analyze the measured motor stator current in the
time domain, frequency domain and, time-frequency domain. The Fast Fourier Transform (FFT),
short-time Fourier transform (STFT), wavelet transform (WT), and Hilbert Transform (HT) are
commonly used to detect the different fault frequencies in stator current in a steady-state or transient
state [15]. In [16], the induction motor is modeled in a d-q coordinate system; further, the models
and characteristics of the incipient broken-rotor-bar fault and turn-to-turn short fault are analyzed.
The frequency spectrum becomes different from the healthy spectrum with a motor in fault condition
[17]. In FFT, the signals from the time domain are converted to the frequency domain providing
information about the signal such as frequency content averaged over the entire signal time interval.
However, the STFT provides time localized information of a signal in which frequency components of
the signal vary over time. STFT based spectrogram S (t, f ) in Eq. (3) represents squared magnitude
representing the energy of a signal in a color plot with the time and frequency of the original input
signal x (t) windowed by a function w (t) [18].

S (t, f ) = |S (t, f )|2 (3)

In Continuous Wavelet Transform (CWT), signal energy is preserved by the scalogram, which is
the square of the absolute value of the signals plotted as a function of time and frequency [18].

In [19], MCSA is used for the diagnosis of shorted turns and broken rotor bar in IM by obtaining
spectrum using FFT, STFT, and Wavelet transform. In [4], short circuit of three-phase IM is simulated,
and analysis of the current based on Wavelet Transform and Power Spectral Density was performed
and found that current and PSD level increases with an increase in shorted turns. The authors have
simulated the induction motor for multiple fault detection (BRB, Unbalanced voltage) through FFT
and STFT based Spectrogram [11]. Hussain et al. [20] simulated the three-phase squirrel cage induction
motor with stator winding faults (SWF) only and analyzed the stator current with FFT, STFT based
spectrogram, and wavelet-based scalogram. Single phasing fault of the motor using Discrete Wavelet
Transform (DWT) is used for fault diagnosis with energy and standard deviation of wavelet coefficients
in [21]. Fewer research papers are found reporting multiple fault diagnoses in the literature review [22].
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1.2 Deep Learning (DL) Models in Fault Detection and Identification
ANN and SVM are the widely used AI techniques by researchers in the last ten years for the fault

diagnosis of IM. A Multilayer perceptron reduces processing time. MLP is trained using a supervised
learning technique called Back Propagation (BP) algorithm [13].

The classification accuracy of the ANN and SVM is dependent on the selection of the effective
feature input. The DL techniques automatically extract the features from the given input dataset and
effectively diagnose the fault at the incipient stage [21]. 2D-CNNS and 3D-CNNs are generally used
for image and video processing. In contrast, 1D-CNNs are mainly used for audio and text recognition
(as time series data). 1D-CNNs are perfect tools for time-series recognition and prediction. The
network has recently been used in state-of-the-art applications such as early diagnosis, structural health
monitoring, anomaly detection, and identification [23]. Ince et al. [24] have used a one-dimensional
Convolutional Neural Network (1D-CNN) to classify the bearing faults. The experimental results
show the effectiveness of the 1DCNN model compared to the MLP, Support vector machine (SVM),
and radial basis function (RBF). Recurrent neural network (RNN) performs better with sequential
or time-series data, making them most suitable in condition monitoring of motors. RNN [25] is the
deepest among all neural networks. They differ from MLP, which maps input data to target vectors,
while RNNs map the entire history of past inputs to target vectors owing to their memory capacity.
For supervised tasks, RNNs can be trained by employing back-propagation over time. RNNs perform
better on time-series data but have gradient vanishing problems. This problem is dealt with long short-
term memory (LSTM) [26,27]. LSTMs can memorize and forget data. Multilayer perceptron (MLP),
long short-term memory (LSTM), and 1D-convolutional neural network (1D-CNN) deep learning
models are successfully used in [20] for detection and identification of the fault in a three-phase.

In this work, single phasing and SWF, both are investigated through MCSA in the time domain
and frequency domain as an individual fault as well as combined (multiple) faults, observing the energy
rise in measured three-phase stator current signal in faulty phase and impact of a fault condition on the
energy of other phases. CWT-based scalogram has been primarily used in vibration analysis, but here
scalogram is used to detect the stator faults based on the motor stator current signature (frequency
domain) in individual fault conditions and simultaneous faults for frequency analysis. It is identified
in the literature, that there is much room to investigate the deep learning models in the fault’s detection
and identification of the three-phase induction motor. Considering the simulated three-phase motor
current signature in time-series type without any preprocessing, we have trained and tested 1D-CNNs,
LSTM, and MLP models to detect and identify the induction motor faults. The dataset is generated
for the training and testing of these models.

The remainder of this paper proceeds as follows. Section 2 discusses the System Design of fault
detection and presents the MATLAB Simulink model. Section 3 discusses the Healthy condition of
IM using MCSA that is followed by the fault identification in Section 4. The results and discussions
are presented in Section 5, followed by a conclusion and future work in Section 6.

2 System Design

In this work, we have investigated two approaches for three-phase induction motor fault detection
and identification system a) signal processing techniques by employing the motor current signature
analysis method and b) deep learning techniques.

In signal processing, frequency domain techniques such as FFT, STFT, and CWT-based scalo-
gram are used to detect the single as well as multiple faults with the variation of frequencies in
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IM current spectrum. The acquired time-domain stator current for simulated motor in healthy and
unhealthy conditions are analyzed in MCSA first.

In the second stage, the multiclass dataset is generated. The time-domain stator current of a
simulated motor in healthy and faulty conditions is stored as multiclass data set in CSV format for
further investigation by training and testing three deep learning models that include MLP, 1D-CNN,
and LSTM. The simulation results show that these DL models can extract fault features without
preprocessing the simulated stator current signature.

The proposed system design model is shown in Fig. 2. In this model, we have used a 4 KW three-
phase squirrel cage induction motor. The proposed model was simulated in MATLAB/Simulink, and
it is shown in Fig. 3. Initially, this model was simulated in healthy condition and then phase to ground,
phase to phase and, single phasing stator faults were generated. Time-domain and frequency domain
analysis is performed for every healthy and faulty condition.

Figure 2: Block diagram of the system

Figure 3: The MATLAB/Simulink model

2.1 Fault Generation/Simulation
A motor model developed in MATLAB/Simulink shown in Fig. 3 is simulated for 1 and 2 s for

healthy and unhealthy (i.e., fault) conditions. The MATLAB foundry has several built-in motor models
based on speed, pole pairs, line frequency, operating voltage, and power. 2 pole pair motors (1430 rpm)
up to 5 KW power range are primarily used in industrial utilities such as transfer of oil, water, oil or
other chemicals from one tank to other, blower fans, lubrication pumps, oil purifiers, and etc. Motor



440 CMES, 2022, vol.133, no.2

model parameters and other components are given in Table 1 are the built-in parameters for selected
4 KW, 2 poles 1430 rpm induction motor in the MATLAB foundry. A Three-phase circuit breaker is
used with external switching mode selection with a logical signal to control the breaker operation and
time, thus causing single phasing (fault) in any one phase (phases A, B, or C) of three-phases supply
of motor. Block of three-phase fault implements a fault between any phase and ground as well as a
phase to phase with an external signal to control the switching time of the fault.

Table 1: Squirrel cage induction motor model parameters in the MATLAB/Simulink

S. No.: Name of block Parameter Value

1 3 phase squirrel cage
IM (4 KW, 400 V,
50 Hz, 1430 rpm)

Stator resistance (Rs)
Rotor resistance (Rr)
Stator inductance (Lis)
Rotor inductance (Lis)
Mutual Inductance (Lm)
Inertia
Friction factor (F)
Pole pairs

1.4050 �

1.3590 �

0.005839 �

0.005839 H
0.1722 H
0.0131 J/Kg.m2

0.002985 N.m.s
2

2 Three-phase fault Fault resistance
Ground resistance
Snubber resistance

0.001 �

0.01 �

1e6 �

3 Three-phase circuit
breaker

Breaker resistance
Snubber resistance
Snubber capacitance

0.01 �

1e6 �

Infinite

3 Healthy Condition of IM through MCSA

The three-phase current of the simulated motor was measured in the time domain and converted
to the frequency domain for (t, f) analysis to identify healthy and unhealthy conditions while phase to
ground fault, single phasing, and in combined both fault conditions. Differences between the healthy
and unhealthy FFT spectrum, spectrograms, and scalogram represent an event of a fault, and the
time of the fault is extracted from the data based on the energy density of the fundamental and
fault frequencies due to the short circuit, single phasing and in both combined conditions. A healthy
representation of the three-phase steady-state motor current in the time domain is given in Figs. 4a
and 4b. While in the frequency domain, the FFT based power spectrum is showing two spectral
components [13] 50 and 250 Hz with (minimum and maximum spectral leakage) in Figs. 5a–5d with
signal power level in dB, STFT based spectrogram is showing only 50 Hz component in Fig. 6 and
Continuous Wavelet-based scalogram also showing only 50 Hz component in Fig. 7, respectively.
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Figure 4: Three-phase stator current in the time domain
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Figure 5: (Continued)
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Figure 5: Motor current power spectrum in healthy condition
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Figure 6: STFT spectrogram up to 500 Hz Figure 7: CWT scalogram up to 256 Hz

Table 2 represents the dB power present in the fundamental components 50 Hz and 5th harmonic
250 Hz of three phases current based on the FFT-based spectrum in a healthy motor. It can be
understood from the table that the maximum power of 14.4 dB is present in the 50 Hz component
in healthy condition, and the 250 Hz component has less power in it, which equals nearly −35 dB.

Table 2: dB power level in healthy FFT power spectrum

S. No. Frequency component Red phase Blue phase Yellow phase

1 50 Hz 14.4 dB 14.4 dB 14.4 dB
2 250 Hz −34.9 dB −35.0 dB −34.5 dB

Simulated stator current for 2 s in the healthy condition of motor is shown in the spectrogram
in Fig. 6 ranging 0–500 Hz with a time resolution of 2 s with 45 Hz frequency resolution. The same
healthy condition is also shown in scalogram Fig. 7, ranging from 0–256 Hz with scaling of 12 voices
per octave for 0–15 dB power range. Stator currents of motor given in Figs. 6 and 7 respectively show
50 Hz line frequency component only, which is indicative of healthy motor.

3.1 Total Harmonic Distortion (THD) of Healthy Motor
Total harmonic distortion is the measure of closeness of a waveform compared to fundamental.

Motor current FFT with magnitude percentage of fundamental 50 Hz and measured THD of the
healthy three-phase current in the steady-state condition for two cycles in each phase are presented in
Figs. 8a–8c. The corresponding THD of each phase is summarized in Table 3. It can be noted that in
healthy conditions, the motor current waveform is represented by only 50 Hz component that depicts
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the smooth or undistorted condition, and the THD value is recorded less than 0.80 in all three-phase
currents. We have presented the THD of unhealthy motor conditions in the results section.

(a)

(b)

(c)

Figure 8: FFT and THD of red, yellow, and blue phase
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Table 3: THD of stator current healthy condition for two cycles

S. No. Phase THD in percentage

1 Red 0.80
2 Yellow 0.76
3 Blue 0.81

4 Fault Classification Using Deep Learning Techniques

The signal processing-based methods reported in Section 3 are used to detect the healthy and
unhealthy conditions of the 3-phase induction motor. After detecting the unhealthy condition of the
motor through MCSA, it is essential to identify the particular phase and fault type, which can assist
in rectifying the fault.

In literature, DL models are reported to have an input of raw data of current signature and
based on frequency features extracted from raw data as an input, fault classification can be done
by the DL model [28]. Therefore, DL models are employed, which can effectively classify the motor
health conditions (Healthy, Single phasing, SWF, and combined Single phasing with SWF) with
the classification about which phase has been exposed to the fault. For checking the classification
performance of DL models, a dataset is generated by collecting current signature data in the time
domain from the simulated motor model operating under various healthy and unhealthy conditions
in MATLAB/Simulink workspace and then stored in CSV format. After proper labeling, it is used as
input for training and validation of the DL models. The details of the dataset are provided in Table 4.
The obtained dataset comprises 50 thousand samples of stator current in each simulated healthy and
unhealthy condition.

Table 4: Fault classes and corresponding labels

Motor conditions Class Label

Healthy Healthy 0
Single phasing phase A SPPA 1
Single phasing phase B SPPB 2
Single phasing phase C SPPC 3
Stator winding fault phase A SWFPA 4
Stator winding fault phase B SWFPB 5
Stator winding fault phase C SWFPC 6
Single phasing and stator winding
fault phase A

SPPASWFPA 7

Single phasing and stator winding
fault phase B

SPPBSWFPB 8

Single phasing and stator winding
fault phase C

SPPCSWFPC 9
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DL models employed for the classification task include MLP, LSTM, and 1D-CNN. Due to
their advantages, these models are widely used for time-series or sequential data analysis, such as
higher learning capabilities even with raw input data [29]. These models predict outcomes as multiclass
labels with high accuracy owing to different layers employed in their structure. The selection of model
structure (number of layers and number of units) depends on the type and complexity of the dataset
on which model is to be trained. Sometimes model could be deep if the input data is complex and
nonlinear [28]. The model structures used in this research are provided in Tables 5–7.

Table 5: Architecture of the MLP model

Layers Units

2 × dense layers 64
2 × dense layers 32
2 × dense layers 16
Softmax function 10

Table 6: Architecture of the LSTM model

Layers Units

LSTM layer 64
2 × LSTM layers 32
Softmax function 10

Table 7: Architecture of the 1D-CNN models

Layers Units

2 × Conv1D layers 128
Max-Pool layer 128
2 × Conv1D layers 64
Max-Pool layer 64
2 × Conv1D layers 32
Max-Pool layer 32
Dropout layer 0.2
Flatten layer 32
Dense layer 100
Softmax function 10

DL models are to be trained first under certain conditions. The 50000 values of simulated three-
phase stator current as raw data in each fault condition listed in Table 4 were used as input for training
models. Fig. 9 shows the three-phase stator current as raw data collected during healthy and unhealthy
conditions. The selection of different values of hyperparameters during the training process effects on
the convergence of the model.
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Figure 9: (Continued)
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Figure 9: Three-phase stator current data in time domain collected through simulations

During the training process, the hyperparameters of the DL models were varied, and their values
which resulted in optimal performance, are given as under:

• Batch size = 128

• Number of epochs = 5000

• Learning rate = 1 × 10−4

• Dataset split ratio = 70:20:10 including training, validation, and testing set, respectively.

5 Results and Discussion

In this section, we subsequently present the results obtained from the MCSA, and DL models
approaches. In the MCSA approach, we have recorded the observations obtained by applying MCSA
using frequency domains techniques such as FFT, STFT, and CWT based scalogram on the current
spectrum of motor for healthy and unhealthy condition detection. In the DL models, we present the
performance results that are recorded by training and testing of the MLP, 1DCNN, and LSTM models
with confusions matrix, precision, recall, and F1-score.

5.1 Single Phasing
In Fig. 10, we present three-phase stator current induction motor waveforms with an induced

fault in only one out of three, i.e., blue. We have simulated the 1 s time-domain representation of three-
phase induction motor stator current. The fault is induced for 200 ms ranging from 600 to 800 ms. In
Fig. 11b, the blue phase exposed to single phasing is showing 0 A, while red and yellow phases are
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shown with current measuring 12.6 A, which has increased due to fault as Eq. (1). However, in healthy
conditions, all three-phase currents were 7.4 A, as shown in Fig. 4. However, Fig. 11a shows that the
current waveforms of the phases which are not exposed to single phasing are 180 degrees out of phase
with each other.

Figure 10: Three-phase stator current in time domain showing single phasing

Figure 11: (Continued)
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Figure 11: Out of phase stator current in the time domain

The single phasing induced in only one phase is further analyzed in the frequency domain with
the FFT power spectrum. Figs. 12a and 12b show the FFT of stator current with minimum and
maximum spectral leakage. The frequency analysis of three-phase current with FFT-based power
spectrum ranging up 20 dB power and 500 Hz frequency range in Figs. 12a and 12b represents the
newly induced frequency component of 150 Hz as Eq. (2) [8,13] in stator current which is indicative
of single phasing. However, 150 Hz frequency component is not present in the healthy spectrum given
in Fig. 5a and Table 2. In comparison to the healthy levels summarized in Table 2, the dB power of
the measured 150 Hz component in fault condition has risen in the remaining two phases, i.e., blue
and yellow phase. The power of the 150 Hz component has risen from −52 to −9.5 dB in the blue and
yellow phase, while the power of the red phase in which single phasing has occurred has increased from
−52 to −38 dB.

For further investigation on the impact of the single phasing, the STFT spectrogram is obtained
with a 200 ms window size that is shown in Figs. 13a and 13b, respectively. It can be observed that
the 50 Hz component of the blue phase stator current is missing during the fault time 0.6 to 0.8 s, and
the 50 Hz signal energy is reduced to −74 dB. The impact of single phasing on the red and yellow
stator motor current phases is shown in Figs. 13c and 13d. It can be observed that during the fault
time between 0.6 to 0.8 s, 50 Hz component signal energy is increased to 15.9 dB, which is higher than
the 50 Hz component energy in the healthy condition, i.e., 14.4 dB shown in Fig. 5a and Table 2. In
Figs. 13a–13d, it can easily be observed that a single phasing has occurred in the blue phase.
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Figure 12: FFT based spectrum up to 500 Hz

Figure 13: (Continued)
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Figure 13: Spectrograms showing 50 Hz during fault and its impact

Due to the fixed window size in STFT, we have further investigated the single-phasing fault
detection and identification by using the wavelet transform that is more flexible than the STFT. In
this work, we have chosen the Wavelet-based scalogram simulation with 12 voices per octave for 0–
256 Hz frequency and 0–15 dB power range and the results are given in Figs. 14a and 14b. It can easily
be observed that the 50 Hz component is missing during the fault period due to the single phasing
fault induced. The impact of single phasing on the red and yellow stator current phases is given in
Figs. 14c–14e, showing 1st and 3rd spectral components, i.e., 50 and 150 Hz [13]. Here, we can observe
the 50 Hz component that is missing in the blue phase; therefore, it confirms that wavelet scalogram
has detected the missing frequency component due to single phasing. However, the scalogram has also
distinguished the phase in which single phasing has occurred as well as show the impact as frequency
components in the other two phases. Apart from this, in the scalogram, we can observe the time of
the fault.
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Figure 14: Scalogram showing single phasing and dB power of 50 and 150 Hz component during fault
and impact
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5.2 Stator Winding Fault
Here, we present the stator winding fault detection and identification of the three-phase induction

motor using FFT, STFT, and Wavelet Transform.

The time-domain representation of the simulated healthy and unhealthy three-phase induction
motor with stator winding fault induced between only one phase to ground without load is shown in
Fig. 15. The time-domain waveform shows an initial rise in the amplitude of current and then settles
down in steady-state condition, which is normal but increases between 300 to 500 ms regions, which
is not the normal behavior. For investigation of the fault, the frequency-domain representation of
the stator winding fault using FFT-based power spectrum for the frequency range of 0–300 Hz and
power spectrum maximum level up to 20 dB is given in Fig. 16. The approximately obtained results
of the power spectrum in dB with the FFT-based spectrum of the fundamental and other frequency
components are summarized in Table 8. When the results of the power spectrum in healthy condition
Table 2 are compared with the results in Table 8 suggests that signal energy increases at line frequency
in red and yellow phases.

Figure 15: Three-phase stator current showing SWF

Figure 16: Three-phase power spectrum of stator current during SWF
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Table 8: Power of individual frequency components in three-phase stator current during SWF

S. No. Component Red phase Blue phase Yellow phase

1 50 Hz 20.9 15.8 21.0
2 150 Hz −15.2 −12.1 −10.8
3 250 Hz −12.0 −18.3 −16.1

Further to this, we have also investigated the stator winding fault in the STFT spectrogram.
The simulation was done with (15 ms window size, 63 Hz frequency resolution, max spectral leakage,
0 percent overlap, and 0–20 dB range) for the simulated motor current during 1 s in Figs. 17a–
17c showing the blue, yellow, and red phase, respectively. It is evident that the energy at the line
frequency (of the 50 Hz component) initially increased due to transient motor current at the start
of the simulation, which settles down in the steady-state. This current increases while other frequency
components are also induced during fault duration between 300 to 500 ms, which can be observed with
the color contour in yellow showing greater intensity in all three stator currents.

Figure 17: Spectrograms during SWF for 15 ms window, 63 Hz frequency resolution

However, the 1 s simulation performed for the same SWF and investigated in STFT with greater
window size, higher frequency resolution, and minimum spectral leakage (300 ms window size, 45 Hz
frequency resolution with 0 percent overlap and, −10 to 15 dB power range) shown in Figs. 18a–18c
for blue, red, and yellow phase stator current respectively. Fig. 18 reveals the same behavior as Fig. 17,
but frequency components induced due to SWF are more distinguishable between 300 to 600 ms.

From the same fault results presented in Figs. 17 and 18, the importance of the selection of the
STFT window size can be observed in identifying the frequencies during the fault period. In both
cases, the fault has been detected easily, but it is indistinguishable which phase has been exposed to
a fault. Therefore, further investigation is done during the same fault in the frequency domain with
wavelet transform.
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Figure 18: Spectrograms during SWF for 300 ms window with 45 Hz frequency resolution

The simulated stator winding fault in CWT-based scalogram is shown in Figs. 19a–19c. The rise
in the current can be seen at the line frequency (50 Hz component) during the fault time and shows
the rise of two other frequency components, 150, and 250 Hz. The CWT-based scalogram in Fig. 19
has shown frequency components due to fault without any adjustment of window size. Scalogram
has also shown the time of fault observable in the yellow color of line frequency (50 Hz) between 400
to 600 ms in all three-phase currents. This indicates that that CWT-based scalogram can be used for
better visualization of time of the fault, but also CWT-based scalogram is useful in frequency analysis
as STFT. However, it cannot be understood which phase of the stator current has been exposed to
fault by looking at the scalogram in Fig. 19.

Figure 19: Scalogram showing SWF fault (12 voices per octave, up to 0–256 Hz frequency range and
0–15 dB power range)
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5.3 SWF Detection Based on Total Harmonic Distortion
THD of the current spectrum can also be used to identify that which phase of the induction motor

has been exposed to SWF. THD of stator current waveform remains less than 1% in a healthy motor as
given in Table 3 and Fig. 8. THD of the current waveform increases drastically when a motor is exposed
to SWF [22]. The waveform of the phase which is exposed to a fault distorts more in comparison to
the remaining phase, which is not exposed to a fault.

Six types of faults summarized in Table 9 and corresponding FFT of two cycles for every SWF
fault type in Fig. 20 give information that the current waveform gets severely distorted in a fault
condition. THD of the faulty phase increases compared to THD level in a healthy condition, which
remains less than 1 given in Table 3. SWF summarized in Table 9 shows a higher level of THD ranging
from 51.54% to 77.10%, which is indicative of SWF in a particular phase. Hence by knowing THD
and its comparisons to the other two phases out of three, the faulty phase of stator current can be
distinguished.

Table 9: THD of stator current (Fault conditions)

S. No.: Fault condition THD in percentage

Red phase Yellow phase Blue phase

1 Red phase short to ground 69.24 25.7 51.42
2 Yellow phase short to ground 42.64 65.25 30.09
3 Blue phase short to ground 34.61 48.22 51.54
4 Red phase short to yellow phase 75.72 23.18 30.43
5 Yellow phase short to blue phase 40.55 58.07 27.61
6 Red phase short with blue phase 14.57 30.92 77.10

Figure 20: (Continued)
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Figure 20: (Continued)
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Figure 20: THD of the 6 different types of SWF faults in blue, red, and yellow phase

5.4 Multiple Faults (Single Phasing and SWF Combined)
Multiple successive faults initially Single phasing at 0.5 to 0.66 s and SWF at 1.2 to 1.4 s in blue

phase out of three stator current in time domain given in Fig. 21a represents the impact of single
phasing on three-phase stator current and indicating an increase in stator currents during fault times.
Fig. 21b represents the individual stator current of the blue phase, which has been exposed to multiple
faults successively within 2 s of motor operation. The individual current waveform in the time domain
shows missing current at a single phasing fault and then increased current due to SWF (blue phase to
ground). FFT based power spectrum in the frequency domain of three-phase stator current in multiple
fault condition given in Fig. 22 and summarized in Table 10 shows an increase in the power of 50, 150,
and 250 Hz, which are greater in comparison to the healthy spectrum given in Fig. 5a and Table 2.
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Figure 21: Time-domain representation of multiple faults

Figure 22: FFT spectrum multiple faults (0–20 dB and 300 Hz) minimum spectral leakage

Table 10: Power level of frequency components in dB

S. No. Harmonic component Red Blue Yellow

1 50 Hz 14.5 dB 12.1 dB 15.2 dB
2 150 Hz −14.6 dB −13.3 dB −18.8 dB
3 250 Hz −23.8 dB −19.1 dB −18.1 dB
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STFT spectrogram in Fig. 23 and CWT scalogram in Fig. 24 both are showing disruption in 50 Hz
component initially due to single phasing, the rise of 50 Hz signal power showing more yellow color at
the time of SWF with the rise of other frequency components. STFT spectrogram needed adjustment
of 200 ms window size for observation of fault frequencies. At the same time, the scalogram does not
require any adjustment of window size but was observed at 12 voices per octave. Both STFT and CWT
are observed to be capable of detecting the successive multiple faults in motor current in the frequency
domain. However, CWT scalogram detects the fault, and visualization of faults as an event becomes
easier than spectrogram. Scalogram can resolve frequency components at fault if voices per octave
are adjusted. However, spectrogram resolves frequency components better at the fault time if the time
window size is appropriately adjusted.

Figure 23: STFT (spectrogram) in multiple faults (0–500 Hz, −10 to 15 dB, 0 percent overlap, and
200 ms window size)
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Figure 24: CWT (scalogram) in multiple faults (0–256 Hz, 12 voices per octave, and 0–10 dB power
range)

5.5 Fault Classification Using Deep Learning
We have trained and tested the MLP [30], LSTM [31], and 1D-CNN [32] deep learning algorithms

for induction motor fault detection and identification (i.e., classification) in Python using the dataset
and its labels as mentioned in Table 4. The multiclass Confusion matrixes for the classification of
10 types of conditions using these DL models are shown in Figs. 25–27. The accuracy comparison of
models is provided in Table 11, showing individual accuracy observed for each class. The classification
result shows that DL has demonstrated effective performance in individual faults and also classified
multiple faults. Comparison among the three models concludes LSTM has a better algorithm that
achieved a maximum average accuracy of 96%.
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Figure 25: Confusion matrix MLP
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Figure 26: Confusion matrix LSTM
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Figure 27: Confusion matrix 1D-CNN

Table 11: Accuracy comparison of DL models

Class 1D-CNN% LSTM% MLP%

Healthy 90.05 100 100
SPPA 87.12 92.40 80.08
SPPB 79.77 97.47 92.16
SPPC 76.28 83.32 76.12
SWFPA 63.63 67.20 68.17
SWFPB 60.26 71.15 68.10
SWFPC 65.47 71.22 69.55

(Continued)
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Table 11 (continued)

Class 1D-CNN% LSTM% MLP%

SPPASWFPA 63.72 83.57 75.13
SPPBSWFPB 67.61 84.22 73.65
SPPCSWFPC 67.37 76.90 77.57

Moreover, the comparative performance of the three DL models in terms of precision, recall, F1-
score, and average accuracy is shown in Fig. 28. LSTM has also shown better performance in all four
measures of performance.

Figure 28: Plot of performance parameters of DL models

6 Conclusion

In this paper, we have presented the three-phase induction motor fault detection and identification
using advanced signal processing and deep learning approaches in healthy and unhealthy conditions.
Through the motor current signature analysis method, three-phase induction motor faults, including
stator as single phasing, stator winding, and multiple faults, were induced and detected with FFT,
STFT, and CWT signal processing approaches. The simulation was carried out in MATLAB for single
phasing condition and detection using MCSA (FFT, STFT, and CWT). In SWF detection through
MCSA (FFT spectrum, spectrogram, and scalogram), it is difficult to distinguish which phase has been
exposed to a fault, and classification of the faulty phase is necessary in condition monitoring systems.
Whereas, while working with THD-based analysis of stator current in SWF conditions, reasonable
information is obtained on which phase of motor has been exposed to SWF.

Therefore, three deep learning models MLP, 1DCNN, and LSTM were trained and tested with the
dataset generated locally for the purpose of healthy and unhealthy conditions of the induction motor.
All three DL models were simulated for classifications of different fault conditions with raw data of
stator current. The simulation results show that the employed deep learning techniques provide better
fault detection and classification in single phasing or SWF with phase information, and combined
(single phasing and SWF). The performance of these DL models is measured by confusion matrix,
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precision, recall, F1-score and average score. These results are encouraging and show that the condition
monitoring of the induction motor can be done by deep learning models. In addition, DL models can
further be investigated in conjunction with MCSA for fault detection and classification. The motor
conditions need to be studied as individual as well as multiple faults, using THD, FFT, STFT (time-
frequency), and CWT Scalogram for time-frequency analysis and impact of fault on the stator current.
The simulated fault conditions could be compared with the real-time acquired time-domain stator
current signal. Moreover, the DL techniques could be used to classify the faults on the basis of time-
domain data or frequency domain data acquired on motor current signals.
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