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Abstract— Induction motors are one of the important motor types used in industry. Although these
motors are generally of robust construction, they are subject to failures due to ambient operating
conditions. The traditional diagnostic methods are based on measuring signals such as current,
vibration, temperature, and speed from an experimental setup for good and faulty motors. But finding
an equivalent motor that can compare with the motor used in the industry is always difficult. Therefore,
by constructing a digital twin of the real motor, signals belonging to the healthy motor can be obtained,
which is equivalent to the motor in the industry. In this study, motor stator faults were tried to be
diagnosed using digital twin and motor signals obtained from a real experimental setup. The faulty
frequency region is determined in the spectrum by estimating the parameters related to the motor
current, and the faults are determined according to the information entropy. The operation of the
proposed system has been tested with data from both the digital twin and the real motor, and successful
results have been obtained.

Keywords : Induction motor, information entropy, diagnostics, stator faults, feature extraction, digital
twin, classification.

1. Introduction

Induction motors are one of the most used motor types in the industry. Wide area usage, robust structures, and
low maintenance requirements are the main reasons for their use [1]. Detecting faults in these motors at an early
stage prevents occurring serious faults. Faults in induction motors are generally related to shaft bearing, rotor, and
stator components [2]. Stator faults account for 38% of all faults [3].

Model-based and feature extraction-based methods have been used in the literature for fault diagnosis. Model-
based methods are based on the creation of a mathematical model of the motor and the comparison of the real
motor with the model. Feature extraction-based methods, on the other hand, are based on the evaluation of the
properties obtained for healthy and faulty motors from signals such as current, vibration, flux, torque, and voltage
with a classification method. Artificial intelligence-based methods have been developed in the literature for the
diagnosis of induction motor faults. Time-frequency image-based approaches using vibration signals have been
proposed for the diagnosis of bearing failures [4-6]. In these approaches, the images obtained with the time-
frequency image obtained by using the vibration signal and the current signal are trained with convolutional neural
network models, and the faults are classified. Discrete wavelet analysis and artificial neural networks are used for
the diagnosis of stator faults [7]. After applying the park vector transform to the stator current signals, the db-8
wavelet is applied. Statistical parameters of L1 and L2 norms gave effective results for stator failures. A study in
which a 1-dimensional convolutional neural network and long-short-term memory architecture are integrated has
been proposed for the detection of stator faults at an early stage [8]. The proposed work combines feature extraction
and classification steps and integrates multiple convolutional neural network architectures to identify faults.
Especially since stator faults are often confused with voltage unbalance faults, a study that makes this distinction
is presented in this study. In addition, the effect of load changes is reduced in the developed method. Hilbert
transform and statistical feature extraction were used to detect stator faults at an early stage [9]. Fault detection
was made by giving the obtained features to the support vector machines. In order to enable the use of induction
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motors in electric vehicles and to detect the faults that occur in these motors, different types of faults are simulated
by creating a motor model in the ANSY'S environment [10]. Different machine learning and deep learning methods
are used to detect the generated faults under different load conditions. It has been experimentally verified that the
performance rate of the deep learning method is better than other machine learning methods. An approach using
piezoelectric sensors is proposed for the detection of short-circuit faults of three-phase induction motors [11]. For
feature extraction, wavelet analysis and principal component analysis were used together with the cross-correlation
method. A deep learning-based approach has been proposed to detect stator winding failures under variable load
conditions [12]. The proposed approach first applies the park’s vector transform to the three-phase current signal,
and then the magnitude of the two park’s vector components is obtained as a signal. The recurrence plot of this
signal is recorded as an image and classified by different deep neural network architectures. It has been proven
that the proposed deep neural network architecture outperforms other transfer learning models.

Although many methods have been proposed for motor fault detection, it is seen as a shortcoming that a
working method has not been developed for different sizes, load conditions, and fault types. Many approaches
have been proposed with a data-driven classification process according to the characteristics obtained from the
good motor and the faulty motor. But finding an equivalent motor operating in the industry is always difficult. It
has therefore become a necessity to create a reference virtually to which the running motor can be compared.
Digital twin technology simulates real-world physical assets in the form of digital models with high-density,
multidimensional, and powerful real-time features [8]. Digital twins help to achieve flexible, faster, quality, and
personalized products. It also provides businesses with significant benefits such as security, diagnostics, and
querying the current forecast status. The digital twin improves performance to exceed and achieve business quality
in products and services, accelerating time in achieving results, and increasing hits in decision-making time. A
custom-built digital twin model leverages physics-based simulation models and data-driven intelligence to provide
insight into the occurrence of the fault. A study has been proposed for the detection of rotor failures using digital
twin technology [13]. In order to increase the adaptability of the developed model, a model update method based
on parameter sensitivity analysis has been proposed. The digital twin of the rotor system has been created and the
imbalances occurring here have been determined.

Although many studies on the detection of stator faults have been suggested in the literature, there is little study
on fault diagnosis with signals obtained from the digital twin. In addition, the estimation of parameters such as
frequency, phase angle, and amplitude of the motor current signals and the spectrum region to be examined for
fault diagnosis will be determined within the scope of this study. In this study, firstly, healthy and faulty motor
signals will be taken from the motor modeled with ANSYS. Afterward, the park’s vector transformation and
module of this transformation will be calculated on these signals. In addition, the supply frequency and phase angle
will be calculated for the current signal obtained. The information entropy will be used to obtain information about
the fault in the spectrum of the received signal. Then, the faults are determined according to the change in the
spectrum by using a support vector machine classifier.
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Figure 1. 500W Induction motor model obtained using the voltage approach behind the reactance
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2. Digital Twin Model of Induction Motor

The design of the motor, which is healthy and has different degrees of stator faults, was created in the ANSYS
program and the motor model was created in the Matlab/Simulink [14]. Using the 500W induction motor model,
which is obtained using the voltage approach behind the modeled motor reactance, the short-circuit resistance due
to the loss of insulation in the stator winding occurs as inter-turn short-circuits that rapidly transform into phase-
to-phase or phase-to-earth faults if the fault is not detected and isolated quickly. By changing the fault rate, the
simulation was run with a frequency of 10kHz, and current changes were obtained. The variable error rate is taken
as 0.05% - 5% - 10%. It was obtained by providing the error resistance to be 0.20 — 1000 frequency 10kHz. The
Simulink model used is given in Figure 1. Fault conditions are created by changing the motor parameters in Figure
1 as shown in Figure 2.
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Figure 2. Fault rate and fault resistance change screen

After the motor model is created, healthy and faulty signals will be obtained from the motor. The severity of
the fault will be determined by running the methods on the signals obtained.

3. The Proposed Entropy-Based Diagnosis Model

A new feature extraction approach has been proposed for the detection of stator faults in the induction motor
from the current signals obtained. This approach basically consists of two stages. The first step is to obtain a new
feature signal by park’s vector conversion from the three-phase current signals. Then, the mutual information is
estimated from the obtained feature signal. In the mutual information method according to the frequency, the
interval to be analyzed is determined. The obtained signals are then distinguished as healthy and faulty according
to the support vector machine classifier. The proposed method has been tested under different operating speeds
and successful results have been obtained. The block diagram of the proposed method is shown in Figure 3.
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Figure 3. Information entropy-based stator fault diagnosis
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With the system given in Figure 3, the three-phase current signals are first received from the motor. Then, the
feature signals are obtained by parking vector transformation. The supply frequency of the motor is also determined
by using three-phase current signals. Then, the signal obtained by taking the module of the two parking vector
components is given to the mutual information method. According to the frequency information obtained in the
frequency estimation, the region of the delay component affected by the fault is determined and the signals in this
region are given to the support vector machine and the classification process is performed.

3.1. Park’s Vector Transform

The park’s vector transform allows the characteristics of the phase currents to be expressed with two
components in three-phase induction motors. The park vector components obtained by using three-phase currents
are shown in (1).
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In (1), i,, i, and i.represent the phase currents. Under ideal conditions, the three-phase currents form
the parking vector with the following components.
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In this equation, im, @, and t represent the maximum value of the phase supply current, supply frequency, and
time variable, respectively. The park’s transformation on the three-phase current signal is shown in Figure 4.
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Figure 4. Park’s vector transformation

The park’s vector transform creates a circular pattern at the center of the two components. By monitoring the
deviations in the patterns obtained with this transformation, faulty conditions are detected. Park’s vector transform
is used to determine voltage unbalance, broken rotor bar faults, winding faults, and stator open phase faults. While
the two-dimensional pattern formed by the Park’s vector components in a healthy motor is in the form of a circle,
it turns into an ellipse in the case of faults. After the park’s vector components are obtained, the modulus of the
two components is obtained according to (3).

Ly =/ 1¢+1¢ €)

3.2. Mutual Information

In recent years, information theory has been successfully applied to different pattern recognition problems. The
performances of the methods in information theory in this area are their ability to measure the relationships
between system variables and their performance in classification and pattern recognition. The two main
measurements used in this field are entropy and mutual information. Entropy is a method used to measure the
uncertainty in a system and has also been used in fault diagnosis. On the other hand, the mutual information method
is a common knowledge that measures the independence between two variables.
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Mutual information can measure the linear dependence of two variables. Estimating information from
observations of one random event in another is a metric derived from Shannon's information theory. It can be
considered as a nonlinear equivalent of the correlation function. Usually, mutual information is measured between
signals such as X and Y received from two different systems. However, in this study, there is only a one-time
series obtained from the parking vector transformation. Therefore, the system used is based on the automatic
mutual information method.

P(XnXn+t)
MX, Xeir) = anxn” P(xp, Xpir) ln( - ) “)

P(xn )P(Xn+7)

In (4), the value of P(x,,.) is the common probability density for the signal x,..and x,,. P(x,, ) represents
the individual probability density for x,, and P(x,.) represents the individual probability distribution for x,, ..
Here x,, and x,,,, are signal samples of the same series delayed from each other by 1 time delay.

In this study, the time series is taken as the module of two parking vector transformations, and the mutual
information value of the original signal and the time-delayed signal is calculated. Since we have limited data,
mutual information is obtained as a sample estimator. The park’s vector transform module exhibits different
distortions due to stator failures in a certain period of time. The resulting feature signal is given to a support vector
machine classifier and faults are determined.

3.3. Frequency Estimation and Determination of the Mutual Information Region and Fault
Classification

In order to estimate the motor operating condition, it is necessary to determine the angular frequency. For this
purpose, the angular frequency is first found with a simple search method. The angular frequency is expressed by
the following equation.

w=2%r*f (5)

In (5), f represents the supply frequency of the motor. Normally for a line-fed motor, this frequency is 50 Hz.
However, in the case of a power supply with a driver, this frequency is constantly changing. Therefore, it has to
be estimated. For its estimation, the value that maximizes the following function must be estimated.

2
argmax % D %Ps (@)X, (6)
@ k=0
In (6), P; (@) is calculated by using (7).
P (@) = G(0)(G(w)' G(w)) 'G(o)' @
In (7), G(w) is a matrix of Nx2 size and is defined as follows.
G(eo) = [9(@r) gle)’] ®)
The (.)* in (8) represents the complex conjugate and J (a)o) is given according to (9).
g(a)o)=[1 plm ejwo(Nfl)]T )

After estimating the supply frequency of the motor, the region to be examined in the mutual information method
should be determined. For this purpose, the time delay to be examined is estimated according to the following
equation.

location = Fx(1/ 2xf) (10)

After the fault region is obtained from mutual information, this region is recorded as a dataset for healthy and
each faulty condition. The obtained dataset is given to support vector machine classifier and faults are classified.

4. Experimental Results

A tuned resistor is connected to one of the motor phases to generate stator faults. The degree of faults has been
changed to obtain different faults. Then, starting from 20 Hz to 50 Hz, the data was obtained by running the motor
at different supply frequencies with 10 Hz intervals. In Figure 5, phase signals are given for a healthy condition
and two stator-related fault conditions.
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Figure 5. Current signals for solid and two fault states (a) Solid, 5% and 10% of fault resistance altered fault

As can be seen in Figure 5, it is very difficult to detect faults using direct current signals. Therefore, feature
extraction was performed with preprocessing. In Figure 6, the feature extraction results for the healthy and two-

faulty conditions are given.
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Figure 6. Feature signals for healthy and two fault states (a) Solid, 5% and 10% of fault resistance altered

As can be seen in Figure 6, both the amplitude changes and local peaks occur on the sides of the sinus signal
in faulty situations. In Figure 7, mutual information results are given for the fault created.

The results of the proposed method at four different operating frequencies are given in Figure 7. The equation
in the location formula given before was used to determine the area related to the fault. In fact, the basic operation
is to determine a period data field. At the midpoint of this one-period data, and around it, the mutual information
represents a significant variation. For example, in feeding with 20 Hz, this value becomes a peak around
place=(10000/(2*20))=250. This peak occurs at approximately 166 time delays for 30 Hz, delays for 40 Hz, and
100-time delays for 50 Hz. By examining the amplitudes at the 50-unit delay taken from the right and left sides of
the peak, it can be determined whether a fault has occurred. Matlab classification Learner is used for fault
classification. Apart from support vector machines, the performance of other classifiers is also evaluated. The
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complexity matrix of the best-performing classifiers is given in Figure 8.
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Figure 7. Mutual information of healthy and faulty conditions for different operating frequencies
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Figure 8. Fault classification with different machine learning approaches.

The performance of each machine learning was calculated according to the confusion matrices given in Figure
8. For this purpose, accuracy, precision, recall, and F1 measurements were used. In Table 1, performance criteria
are given according to these confusion matrices.

Table 1. Comparisons of performance metrics

The method F1 Precision Recall Accuracy
SVM 96,68 96,69 96,67 96,67
WideNN 93,37 93,40 93,33 93,33
Cosine KNN 92,50 92,50 92,50 92,50
Linear Discriminant 87,12 87,08 87,16 87,08

As seen in Table 1, support vector machines gave better classification performance in all metrics. Support
vector machine gives better generalization performance.

5. Conclusion

In this study, signals obtained from the digital twin model of a large powerful motor are used to detect faults
in an induction motor. The digital twin model is of great importance, especially in terms of creating a reference
model for an engine operating in industrial environments. In addition, different operating frequencies were
determined by making parameter estimations from the signals obtained. The area related to the failure in the
information entropy of the signal obtained according to the operating frequency was determined and the severity
of the failure was classified with the support vector machines. Compared to other machine learning methods, a 3%
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performance increase has been achieved. In future studies, the results of the real engine and the digital model will
be compared and only a solid model of an engine in the industry will be created to detect the faults.
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