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The aim of this work is to assist in the maintenance of
three-phase induction motors by creating a health index for
this equipment. The proposed approach is based on power
quality concepts, the creation of an algebraic algorithm to
determine the health index and the use of artificial intelligence
algorithms for modelling time series, such as Autoregressive
Integrated Moving Average and Facebook Prophet, to predict
the future health of the motor based on its historical data.
The use of historical data makes it possible to anticipate
potential failures and guide predictive maintenance strategies,
helping to reduce costs and minimize unplanned downtime.
The study examines various causes of failure in three-phase
induction motors, analysing some of the most recurrent
failures, their implications and the resulting impacts on the
performance of the three-phase induction motor.

1. Introduction
In today’s industrial systems, operational efficiency and
predictive maintenance have become crucial aspects to ensure
the reliability and durability of equipment. In the industry,
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three-phase induction motors play a fundamental role in all branches of the sector [1,2]. These motors
are ubiquitous in industrial applications due to their robustness, reliability and versatility. They
are commonly used in various processes such as conveyor systems, pumps, compressors, fans and
machine tools, providing the necessary mechanical power for a wide range of manufacturing opera-
tions. In Brazil, approximately 20 million three-phase induction motors are in operation, consuming
around 144 GWh per year, which accounts for 25% of the country’s total energy consumption [3].
The energy wasted by these motors, generated at a cost ranging from 66 to 254 USD per MWh [4],
depending on the energy source, leads to significant financial burdens for consumers and an even
greater expense for industries. These industries not only bear the cost of wasted energy but also face
unplanned shutdowns caused by motors operating under poor conditions.

With the ongoing push towards digitalization, industrial sectors are increasingly adopting solutions
inspired by Industry 4.0 principles, focusing on diagnostic and predictive tools that leverage data
to improve both design and service efficiency [5,6]. By integrating these technologies, companies
can better anticipate and address maintenance needs, avoiding the risks associated with unplanned
interventions. When maintenance is not properly scheduled, it can result in unexpected costs due
to unsynchronized production and maintenance activities. This can lead to unscheduled downtimes,
increased operational expenses and loss of productivity due to inefficient use of labour, equipment
and facilities caused by equipment malfunction [7,8]. These disruptions significantly contribute to
the total life cycle costs of industrial products, where maintenance expenses are a major factor [9].
By improving maintenance management, especially through predictive methods, companies can not
only minimize disruptions but also lower overall life cycle costs by ensuring more consistent and
efficient production processes. The importance of equipment maintenance in a production system and
the knowledge of motor operating conditions are well-known and widely explored in the literature.
Several studies focus solely on the importance of maintenance and its impact on operational efficiency,
emphasizing traditional methods for understanding equipment conditions [10–15]. Additionally, other
research investigates the use of artificial intelligence (AI) and machine learning in these analyses
[16,17], highlighting the potential of these advanced technologies to further optimize asset manage-
ment and enhance efficiency.

This paper presents an approach for defining a health parameter for three-phase induction motors,
based on concepts of power quality. The proposed method is implemented with easily acquired
electrical data, and the algorithm, being simple and based on basic mathematical concepts, can be
applied using few computational resources. Additionally, the integration of algorithms for time-series
modelling is proposed, specifically the Autoregressive Integrated Moving Average (ARIMA) algo-
rithm, and the Facebook Prophet algorithm for future prediction of motor health based on its histor-
ical data [18–20]. All data were generated through simulations using MATLAB/Simulink software
[21,22], where concepts of power quality and international standards [23–25] were used to identify
the operating limits of the simulated motors. Additionally, data preprocessing was conducted to
prepare them for manipulation by the operational time-series algorithms. The use of historical data
allows for anticipating potential failures and guiding predictive maintenance strategies, contributing
to cost reduction and minimizing unplanned downtime. Through this approach, it is expected not
only to enhance the reliability of three-phase induction motors but also to establish a paradigm for the
effective implementation of health monitoring and prediction systems in industrial environments as
the transformation of raw data into actionable information involves three main stages: data collection,
data to information transformation and information management and integration [5]. The method
proposed in this paper covers the first two stages.

2. Theoretical background
Early and accurate detection of faults in electric motors is of utmost importance for preventive
maintenance and ensuring the reliable operation of electrical equipment in industrial systems. The lack
of timely fault detection can result in substantial repair costs, unplanned downtime and safety risks.
Therefore, the development of AI systems for automatic fault detection in motors has been a significant
area of research in recent decades, where the main goal of the algorithms being investigated is to train
a system to identify behavioural patterns in motors that may lead to a fault, thereby providing an
opportunity for predictive maintenance planning.
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2.1. Basic concepts about three-phase induction motors

2.1.1. Three-phase induction motors

To identify faults in a motor, it is necessary to first understand its operation. The first step is to
be acquainted with the various types of electric motors available. This foundational knowledge is
crucial in motor analysis, allowing for a deeper understanding of how to diagnose faults and optimize
performance. In document [26], WEG provides a diagram depicting many types of electric motors.
Specifically, the three-phase induction alternating current (AC) motor with a squirrel-cage rotor is
identified for analysis in this work. This motor type is recognized for its broad application in both
industries and commercial installations, thanks to its simplicity, reliability and efficiency, making it one
of the most widely used in industries and commercial installations. As observed in [26], its structure is
composed of the following two main parts: the stator and the rotor. Understanding the composition of
these parts is essential to properly diagnosing potential faults in the motor.

When the motor is connected to the three-phase electrical network, the stator coils are energized by
the alternating current. This current generates a rotating magnetic field that, in turn, induces an electric
current in the rotor. This current in the rotor generates another magnetic field. The interaction between
these two fields creates electromagnetic forces that drive the rotation of the rotor, causing the motor to
operate [27]. The rotor of the squirrel-cage motor is composed of aluminium or copper bars arranged
axially and interconnected by rings at the ends, forming a cage. This simple and robust structure
ensures low production costs and high reliability for the motor. The motor model being used in the
study is an asynchronous motor, where the rotor’s speed lags slightly behind the rotating magnetic
field generated by the stator currents. With this principle, it is possible to understand some concepts
related to the induction motor, namely synchronous speed, slip and torque. The synchronous speed
of the motor is defined by the rotation speed of the rotating magnetic field, and this speed depends
on the number of poles of the motor and the line frequency (f). The frequency represents the number
of cycles per second that the electric field undergoes. The unit used to represent synchronous speed
is revolutions per minute (RPM), and it can be calculated according to equation (2.1), where Ws is the
synchronous speed (in RPM), f is the frequency of the line (in Hz) and p is the number of poles of the
motor.

(2.1)Ws =
120.fp .

Unlike synchronous motors where the rotor and magnetic field rotate at the same speed, in asynchro-
nous motors, the rotor’s speed lags behind the rotating magnetic field. This difference in speed is called
slip(s). As the rotor conductors move through the magnetic field, currents are induced in the rotor
winding according to the laws of electromagnetism. This interaction between the induced currents and
the magnetic field generates the motor torque. The slip percentage ‘s’ is a dimensionless quantity and
can be calculated according to equation (2.2), where Wn is the rotor speed (in RPM).

(2.2)s % = 100.
Ws −WnWs .

Torque is a physical quantity that describes the tendency of a force applied to an object to rotate it
or cause it to rotate around a point or axis. In an induction motor, the motor generates torque to
overcome the load and keep it rotating. The greater the load, the greater the torque required to move
it. To achieve higher torque, the difference between the field and rotor speeds must be greater, so
that the induced current and the generated field are more intense. Therefore, as the load increases,
the motor speed decreases. When the load is zero (motor unloaded), the rotor rotates practically at its
synchronous speed. Torque is a quantity represented in Newton metre (Nm), and it can be calculated
according to equation (2.3), where τ is the motor nominal torque (in Nm) and P is the motor electrical
power (in Watts).

(2.3)τ = P
2π . Wn

60

.

With a thorough understanding of the principles and concepts related to electric motors, it becomes
possible to explore the associated failures. This work focuses on the analysis of carefully selected faults,
considered particularly relevant within the scope of this project. Next, some of the addressed failures
will be detailed.
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2.1.2. The failures related to the three-phase induction motor

As three-phase induction motors are widely used in the industry, and due to this extensive usage,
there is a considerable amount of literature addressing the faults associated with these devices.
Several methods have been developed for detecting faults in three-phase induction motors, aiming
at the implementation of predictive maintenance systems [28–34]. This aims to reduce financial losses
resulting from equipment replacement or motor downtime. Despite the extensively explored topic,
the algorithms and methods traditionally used to detect faults were restricted to only one type of
fault, such as Motor Current Signature Analysis (MCSA) methods, Extended Park Vector Approach
or partial discharge [2,35]. A study made by [2] shows which methods were used for which fault
detections. Within the outlined faults, this paper will explore issues related to power quality and
mechanical aspects, such as voltage harmonics, voltage imbalance, long-duration voltage variations,
short circuits and coupling failure.

In an ideal electrical system, the supply voltages should be, according to the supply contract,
perfectly sinusoidal and balanced. However, in practice, voltage and current signals often exhibit
waveform distortions, and by analysing these distorted waveforms, Fourier methods can decompose
them into perfectly sinusoidal waves that are multiples of the fundamental frequency. These waves,
known as harmonics, occur when the frequency is different from the fundamental frequency [36–
38]. This phenomenon is typically caused by the operation of loads with nonlinear characteristics.
Nonlinear devices typically produce odd harmonic distortions, with those closer to the fundamental
frequency having a higher magnitude. This behaviour is common in most electrical systems. Even
harmonics, on the other hand, are rare and typically arise from malfunctioning nonlinear loads,
producing half-wave asymmetries [39,40]. In the context of three-phase induction motors, the analysis
of even harmonics is not justified. These motors, being part of balanced systems with linear characteris-
tics, rarely exhibit even harmonics, which are more common in single-phase or unbalanced systems.
Additionally, the analysis of odd harmonics that are multiples of 3 is unnecessary since the line voltage
in three-phase systems, composed of sinusoidal voltages phased 120 degrees apart, tends to cancel out
third-order harmonics due to the phase shift [41,42]. In the calculation of odd harmonics not multiples
of 3, which are fundamental to this research, Prodist [25] serves as the reference. This standard governs
the acceptable parameters for electrical energy quality in Brazil, and the following equations will serve
as the basis for our harmonic analysis. To find the THDv (total harmonic distortion of voltage for
odd non-multiple-of-3 components), equation (2.4), as displayed in [25], is used, where h are the odd
harmonic orders, not multiples of 3 and hi are the maximum odd harmonic order, not multiple of 3.

(2.4)THDv % =
∑ℎ = 5
ℎi Vℎ²V1  x 100.

According to module 8 of Prodist [25], voltage imbalance occurs when there is a difference in ampli-
tudes between the three-phase voltages in a specific three-phase system or when there is an electrical
phase shift different from 120° between the phase voltages of the same system. This imbalance can
lead to issues in electrical equipment, affecting the efficiency and stability of the electrical network.
It can cause excessive currents in motors, resulting in losses, increased temperature and reduced
lifespan. The origins of this imbalance are usually related to unevenly distributed single-phase loads in
distribution systems, generating negative sequence voltages in the circuit. Another common cause of
the problem is fuse blowouts in one phase of a bank of three-phase capacitors [1,43]. The issue worsens
when consumers powered by three-phase electrical systems have uneven load distribution in their
internal circuits, causing unbalanced currents in the utility’s network. For the calculation of the voltage
imbalance, equation (2.5) [25,38] is used, where ‘V−’ is the negative sequence phase-to-phase voltage,
and ‘V+’ is the positive sequence phase-to-phase voltage.

(2.5)FD% = V−V+
.100 .

When addressing voltage variation issues, long-duration effects lasting more than 3 min are signif-
icant, as they fall under the category of steady-state disturbances [25,38]. These disturbances are
characterized by deviations in the root-mean-square (RMS) value of voltage and the frequency of
the electrical system. Such variations may be related to overvoltage or undervoltage situations, as
well as prolonged faults. Typically, these conditions are not caused by inherent system problems but
result from fluctuations in energy demand or switching manoeuvres. These variations are typically
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represented and studied through graphs showing the variation of the RMS voltage signal over time
[36,38]. For instance, in the standard [23], parameters for undervoltage and overvoltage are defined.
Monitoring these voltage variations is crucial for ensuring the stability and proper functioning of
electrical systems, as adherence to established standards helps mitigate potential risks associated with
prolonged deviations from nominal operating conditions.

The most frequently observed occurrence in electrical systems is the short circuit, which manifests
through the flow of intense currents through all energized components. This event causes severe
voltage disturbances throughout the electrical network, often resulting in irreversible damage to
both the system itself and consumer installations [43,44]. A short circuit can arise in various forms,
particularly in motor stators where the conductors of each phase present in the motor stator are
confined in a small space. A small fault in the insulation of these conductors can lead to a short circuit
between adjacent conductors [1,2,42]. Understanding the causes and potential forms of short circuits
is crucial for implementing effective preventive measures, thereby reducing the likelihood of severe
damage to electrical systems and associated installations.

Misalignment is a common occurrence when it comes to the connection between a load and the
motor shaft or transmission equipment, often leading to unwanted vibration. Both parallel and angular
misalignment of the shafts can cause radial and axial vibrations, which are difficult to avoid due
to factors like improper assembly and potential movement of the base or foundation [1,45–47]. This
misalignment significantly affects the rotor system’s dynamics, leading to undesired responses such
as coupling deflection and premature bearing wear. The effects of misalignment are evident through
increased motor temperature, excessive vibration and altered torque, which have been thoroughly
documented in various studies [40,46–50]. Therefore, it is of utmost importance to identify and correct
any misalignment as quickly as possible to ensure the safe and efficient operation of the machine
or equipment in question, as addressing these issues can prevent further damage and extend the
equipment’s lifespan.

2.1.3. Effects of failures on a three-phase induction motor

Three-phase induction motors are designed to operate reliably, maintaining consistent performance
over time. During the production process, they undergo testing in an environment that simulates
their nominal conditions. However, it is important to note that this test environment is not always
reproducible in the location where the motor will be used. Due to this environmental variation, motors
may exhibit parameters different from those tested during manufacturing. This discrepancy can result
in operational conditions that generate acceptable parameters, but it can also lead to situations where
the parameters become unacceptable. In these cases, mechanical, electrical or thermal stresses may
occur in the motor, resulting in wear of important components such as insulation and bearings. This
mechanical wear, in turn, is a precursor to failures that can compromise the motor’s operation. Some
well-known consequences of failures in three-phase motors include increased temperature, fluctua-
tions in developed electromechanical torque and motor vibrations [46,47,49,51]. However, collecting
data on these quantities during motor operation is not always an easy or economically viable task
[2,38]. For this reason, collecting current and voltage parameters can provide an advantage when
analysing motor health.

The operating temperature of a motor is significantly influenced by motor failures, making it a
critical parameter for monitoring. Failures in an induction motor typically lead to increased losses,
which manifest as thermal radiation, thereby raising the motor’s temperature. Research by [52,53]
provides detailed insights into how different motor failures, such as misalignment, can cause stresses
and unnecessary friction on the rotor, directly impacting temperature. Those impacts occur because
when the shafts are not perfectly aligned, there is an uneven distribution of loads and forces within
the system. As a result, the motor is subjected to additional stresses and unnecessary friction, leading
to an increase in heat production. Furthermore, [54] shows that even a minor voltage imbalance can
result in a significant temperature rise in three-phase induction motors. These findings underscore the
importance of monitoring motor temperature as a reliable indicator of potential failures, emphasizing
that both mechanical issues like misalignment and electrical issues like voltage imbalance can lead to
harmful increases in temperature, thus compromising motor efficiency and longevity.

Another well-documented consequence of motor failures is vibration, often linked to misalignment
in the motor’s centre of mass and anomalies in the motor’s electromagnetic torque [46,49,51,52,54–57].
While electromagnetic torque anomalies are typically caused by issues in power quality, the shift in the
motor’s centre of mass is caused by improper coupling of the load or improper motor base installation.
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Studies by [45,58] identify shaft misalignment as a primary cause of unwanted vibrations in industrial
machinery, as it generates reaction forces in the coupling that significantly affect the equipment. A
notable phenomenon is the restoring moment present in the coupling, which tends to reposition the
motor shaft. However, in cases of misalignment, this restoring moment contributes to the vibration of
the device. The magnitude of these forces and moments, driven by the degree of misalignment, directly
influences motor torque behaviour, as variations in misalignment intensity affect torque response
[42,58].

When the phase voltages applied to induction motors vary in both magnitude and phase angle, the
primary consequence is the distortion of the rotating magnetic field, leading to an operation similar to
that of a motor with a non-uniform air gap. Consequently, increased misalignment results in a higher
torque requirement to maintain equipment operation. This increase in torque consumption not only
reduces the operational efficiency of the machine but can also lead to premature wear of components
and ultimately to a decrease in equipment lifespan [1,59]. Furthermore, the direct effects on the energy
supplied to the motor cause oscillations in torque due to their impact on the electromagnetic fields
produced by the windings. More specifically, these faults cause an imbalance in the magnetic flux
of the electric motor, resulting from asymmetries in the magnetic field distribution relative to the
windings. This imbalance leads to non-uniform magnetic forces affecting the motor’s moving parts.

The normal operation of the induction motor can be compared with a motor experiencing failure
through the sequence. Figure 1 shows the relationship between phase currents and torque during
normal operation. Figures 2 and 3 illustrate the impact of failures on electromagnetic torque. It can be
observed that different failures have varying levels of impact on the torque [21].

Another widely used parameter for fault detection is the phase currents in an MCSA [2,43,48]. This
is because the current in the phases of a three-phase induction motor is sensitive to various factors,
including the presence of short circuits and voltage imbalance exceeding 2% [25]. When a short circuit
occurs between the phases, the system impedance decreases, resulting in a sudden increase in current.
This increase can cause imbalances, leading to variations in current intensities in each phase [60].
Moreover, during waveform distortions in voltage, the motor’s natural response is to adjust its current
to accommodate these variations. For example, if there are voltage fluctuations, the motor may adjust
its current to maintain constant power. These current adjustments can result in variations in current
intensity in the motor phases [56].

2.2. Matlab simulation using Simulink
The Matlab software is a mathematical modelling tool that can be used in various contexts. Matlab
provides versatile function creation and the application of mathematical tools, especially geared
towards simulations. Within this platform, Simulink stands out, being a modular tool that offers a
variety of ready-to-use models [21,22]. This work focuses on the application of simulated models
of three-phase induction motors and sources in Simulink. These models were employed to simulate
the performance of these motors under various faulty operating conditions. This approach aims to
eliminate the initial need to subject real motors to stressful situations, minimizing physical damage and
optimizing resources. The use of simulated models not only allows for an in-depth analysis of motor
behaviour but also eliminates the need for the use of real equipment in this initial study.

2.3. Artificial intelligence and machine learning
AI refers to the theory and development of computational systems that can perform tasks that
typically require human intelligence, including visual information interpretation, speech recognition,
decision-making and translation between different languages [61,62]. In the field of AI, there are three
main groups of computational models: supervised models, unsupervised models and reinforcement
learning. Each model has its own application, and, therefore, this should be considered when choosing
the algorithm.

In supervised learning models, the system receives explicit feedback for its predictions, which can
be divided into classification and regression methods. Some of the widely recognized algorithms
in this category include K-Nearest Neighbours, Decision Tree, Support Vector Machine, Logistic
Regression, Artificial Neural Networks and Naive Bayes, among others [61]. On the other hand,
unsupervised learning algorithms operate without the need for feedback for their predictions, focusing
on discovering latent patterns in the data. Some notable examples of unsupervised learning algorithms
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include K-Means, the Self-Organizing Model and Latent Dirichlet Allocation, among others. Addition-
ally, the K-Means clustering algorithm is frequently used in preprocessing and anomaly detection steps
[61]. In the literature, these algorithms and methodologies are also widely applied for fault diagnosis
and prediction, as they excel in handling large datasets, enabling real-time anomaly detection and
adapting to various sectors such as manufacturing, energy and healthcare. This versatility is expected
given AI’s strengths in detecting and extracting complex patterns from data, even in highly dynamic
environments [63–67].

Given the context of this project, the adoption of a supervised algorithm is more coherent, since
the proposal is to create a database with parameters carefully defined as targets to be achieved by

Figure 1. Motor performance under nominal conditions. (a) Current waveform, (b) voltage waveform and (c) torque waveform.

Figure 2. Effect of fifth harmonic voltage on motor performance. (a) Current waveform, (b) voltage waveform and (c) torque
waveform.
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the algorithm. In this perspective, there is a need to carefully select the algorithms that best suit the
obtained data. After evaluating the available options, ARIMA and Facebook Prophet were chosen due
to their accessibility, ease of use and widespread adoption in the field of time-series forecasting [20,68].

Both ARIMA and Facebook Prophet are widely recognized for their simplicity in parameterization
and configuration, making them particularly suitable for users with varying levels of expertise. These
algorithms are favoured for their user-friendly implementation and the vast amount of learning
resources available online, which significantly reduce the complexity of applying them to practical
scenarios. Additionally, their ability to effectively capture trends, seasonality and other time-series
patterns aligns well with the goals of predictive maintenance analysis, where the aim is to forecast
future data based on historical patterns.

Their widespread use, coupled with the availability of tutorials, documentation and community
support, makes ARIMA and Facebook Prophet the ideal choices for this project, ensuring not only the
feasibility of implementation but also the reliability of results.

2.5.1. ARIMA machine learning model

ARIMA, which stands for ‘Autoregressive Integrated Moving Average’, is a widely used statistical
model for time-series analysis and forecasting. It combines autoregressive (AR), moving average (MA)
and differencing (I) components to model temporal patterns in data [20,69]. ARIMA is extensively
applied in various fields, including financial forecasting, demand forecasting, climatological analysis
and system performance monitoring, among others. This model is particularly effective when the time
series exhibits temporal patterns and when short-term forecasts are required. It is important to note
that the algorithm requires the data to be stationary, meaning its statistical properties, such as mean
and variance, must remain constant over time. This is because the model assumes that the relationships
between observations are constant over time. If the time series is not stationary, meaning its statistical
properties are changing, the ARIMA model may not be able to adequately capture these changes [20].

2.5.2. Facebook Prophet machine learning model

Facebook Prophet is a time-series forecasting model developed by Facebook, designed to simplify
and automate the forecasting process in various contexts. Released in 2017, Prophet is known for its
ease of use, flexibility and effectiveness in handling seasonal patterns [19,70]. The Facebook Prophet
algorithm finds applications across a wide range of sectors and contexts. For instance, retail and
e-commerce companies use Prophet to anticipate product demand and adjust inventory levels, and
financial companies use the algorithm to forecast market trends, analyse the behaviour of financial

Figure 3. Effect of voltage imbalance on motor performance. (a) Current waveform, (b) voltage waveform and (c) torque waveform.
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assets and conduct risk assessments. Unlike ARIMA, Prophet can be used for medium- and long-term
forecasts, making it a more accurate and versatile tool.

2.6. State of art
The occurrence of failures in electric motors is widely recognized in the literature as a critical issue due
to its significant impact on the reliability and efficiency of industrial systems. The study presented in
[71] offers a comprehensive review of traditional fault detection techniques, emphasizing conventional
monitoring and diagnostic methodologies.

With advancements in AI, numerous studies have investigated the integration of AI techniques into
motor monitoring systems to improve fault identification and mitigation. However, most research in
this field remains focused on fault detection, which primarily involves identifying issues after they
have already manifested [72–83]. This reactive approach, typically based on classification algorithms,
enhances corrective maintenance by reducing repair costs and frequency through faster and more
efficient fault identification. Intelligent monitoring enables prompt responses, facilitating informed
decision-making to mitigate operational disruptions.

On the other hand, the application of AI-driven predictive maintenance, which leverages time-ser-
ies forecasting algorithms, remains relatively underexplored in the literature. Existing approaches
often present limitations that hinder their practical applicability. In some cases, fault prediction is
performed with a very short forecast horizon, restricting the feasibility of implementing effective
maintenance strategies, as demonstrated in [84,85]. In other studies, analyses rely on a limited set
of operational parameters, failing to capture the full complexity of motor behaviour under diverse
operating conditions, as discussed in [86].

In this context, the present study distinguishes itself by proposing a more comprehensive solution,
both in terms of the diversity of analysed variables and the ability to anticipate failures over a
longer horizon. By integrating a broader range of operational data and employing advanced time-ser-
ies forecasting techniques, the proposed approach enhances predictive maintenance strategies. This
contributes to reducing unexpected failures and extending the operational lifespan of three-phase
induction motors.

3. Methodology
The methodology used in this study began with an exploratory approach to enhance the understand-
ing of factors affecting the operation and performance of three-phase induction motors. We identified
the most common failures and their impacts on operational parameters, including stator short circuits,
bearing degradation, rotor bar breakage, insulation degradation, load coupling misalignment and
poor power quality (harmonics, voltage imbalance or long-duration voltage variations), as reported
by [31,32,34]. In the study directed by [2], a graph of the most common problems in a three-phase
induction motor can be seen. Given the difficulty of encountering motors in a failure condition
in industry and the economic infeasibility of inducing failures in the laboratory, Matlab/Simulink
simulation software was employed to collect experimental data [21,22].

3.1. Data collection
Three-phase induction motor models were selected for use in the simulation. The powerAsynchro-
nousMachineParams block within Simulink was utilized to obtain their characteristics and nominal
data. This block offers a variety of pre-configured motor models, from which motors of 10 HP, 50
HP and 100 HP with a nominal voltage of 460V were chosen. Simulink diagrams were developed to
simulate the motor’s behaviour under various conditions, including normal operation and two specific
fault conditions. These conditions were selected for further analysis from a pool of six previously
identified potential issues. The chosen faults are load coupling and low power quality. The diagram
assembly and block configuration were designed for flexibility, allowing the selection of the fault type
and timing of its activation through Matlab’s coding interface. This control is made possible by the
native integration between Matlab and Simulink. A detailed illustration of the simulation diagram can
be found in figure 4.
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The selection of data for collection through simulation was based on practical considerations such
as ease and cost of data acquisition in a real factory setting. As a result, the data chosen for extraction
included steady-state supply voltage, voltage harmonic distortion, voltage imbalance and load torque
oscillation (LTO). Simulink simulations were conducted under both nominal and fault conditions with
varying input values, generating a significant amount of data that captured motor performance in both
healthy and faulty scenarios. Although electromechanical torque is ideal for analysing load changes,
the challenges associated with its measurement in real-world settings led to the use of rotational speed
as a substitute. However, speed alone is not ideal for fault detection due to the motor’s inertia, so the
s.d. of speed, which is more sensitive to oscillations caused by faults, was selected as a key parameter.
For each of the measured parameters, limits were set according to ANEEL PRODIST [25] and IEEE and
IEC standards [23,24]. These limits are summarized in table 1.

A health index for the induction motor was developed based on established limits. This health
index, represented by ‘IS’ in equation (3.1), is calculated by summing the weighted products of various
monitored parameters. Each parameter (Vc) is determined through a specific logarithmic function
and assigned a weight according to ANEEL and IEEE guidelines. The monitored parameters include
THDv (odd harmonic distortions of voltage not multiples of 3), Vlong (long-duration voltage variation),
FD (voltage imbalance factor) and LTO. These parameters are continuously monitored to generate
real-time health index values.

(3.1)is = ∑i = 1

4 Vc × weight i .
The equations for Vc related to each parameter, shown in table 2, were determined by considering both
the impact of each parameter and the established normative limits. In turn, the selection of weights,
which reflects the relative importance of each parameter in the motor’s performance, is explained in
further detail in §4.1.

After calculating the health index ‘IS’, we can extrapolate its results to classify the motor’s health
based on the calculated IS. This is useful not only for establishing action plans for different motor
health states, as shown in table 3, to address potential issues, but also because supervised learning
algorithms require labelled data to learn patterns. With this in mind, the health index was divided into
four categories based on the motor’s overall health index, as presented in table 4.

3.2. Algorithm feeding and training
After data collection, several treatments were applied to prepare it for classification algorithms. These
treatments included removing invalid data points, balancing imbalanced datasets and standardizing
or normalizing data scales. These steps not only ensured compatibility with the algorithms but also

Figure 4. Simulation diagram of a motor analysis system on Simulink.
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optimized the quality and relevance of the information for the AI models, ultimately improving
algorithm accuracy [61]. The system was trained in Python using the following two algorithms:
ARIMA and Facebook Prophet via the ‘prophet’ library. For ARIMA/seasonal ARIMA (SARIMA),
the ‘pmdarima’ library was utilized, offering a user-friendly interface for fitting both ARIMA and
SARIMA models. Its key strength lies in automating various aspects, such as selecting the optimal
order for differencing and moving averages within the ARIMA model. Similarly, Facebook Prophet,
like pmdarima, is known for its user-friendliness. Its main advantage is that it requires no parameter
configuration, making it particularly accessible for beginners.

4. Results
4.1. Determination of the weights for the health index equation
To simulate motor behaviour under various conditions and collect data, three motor powers (10 HP, 50
HP and 100 HP) were chosen. This selection reflects the industry’s wide range of motor applications
and ensures applicability to motors of any power due to the spaced-out power values. A Simulink

Table 1. Measurement parameter limits for three-phase induction motors.

parameters established limits

voltage harmonics (%) 0 < THDv < 10

voltage imbalance (%) 0 < FD < 3

long-duration voltage variation (%) 0 < Vlong < 10

LTO (%) 0 < LTO < 60

Table 2. Weight definition using a logarithmic function.

parameters Vc equation

THDv log 1.4913 (THDv + 1)

voltage imbalance log 1.25992 (FD + 1)

long-duration voltage variation log 1.4913 (Vlong+ 1)

LTO log 1.984057 (LTO + 1)

Table 3. Recommendations based on the motor health index.

health category operation recommendations

excellent motor operating in good conditions.

good maintain the operation of the equipment.
be attentive to possible network deteriorations.

bad analyse the possibility of quick maintenance in order not to stop the operation of the
equipment.

critical shut down the equipment operation to prevent possible permanent damage.

Table 4. Classification of machine health based on the computed health index.

health category health index

excellent is < 3

good 3 ≤ is < 6

bad 6 ≤ is < 10

critical is ≥ 10
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diagram was developed to represent the motor system for simulation (refer to figure 4). This diagram
utilized native Simulink blocks to manage switching voltage sources, apply variable loads, capture
simulation data and display results in real time. The simulation generated data that could be exported
in CSV format, making it suitable for input into the prediction algorithm. The exported data inclu-
ded harmonic voltage distortions, voltage imbalance, long-duration voltage variations and the LTO.
Graphs were then generated from this data, as shown in figure 5 on graphs A to E, to illustrate the
relationships between motor torque and the analysed disturbances for each simulated motor power.
Deviations from the nominal torque curve in these graphs were used as indicators of potential issues in
the induction motor.

Analysing the graphs A to E given in figure 5, we can calculate the R², also known as the coefficient
of determination. R² is a crucial statistical tool used in regression models to measure how well the
variability of a dependent variable can be explained by the independent variable. This coefficient
ranges from 0 to 1, where a value of 0 indicates a weak relationship between the variables in linear
regression, suggesting the model has limited ability to account for observed variability. In contrast, an
R² approaching 1 indicates a strong relationship, implying that the linear regression model fits the data
well and explains a significant portion of the variability in the dependent variable [87].

The weight assigned to each disturbance is based on its impact on the motor health index, which
is determined by the slope of the line representing the relationship between the disturbance and the
index. Steeper slopes indicate a more significant influence on the motor health index. In the case of
odd harmonics, the fifth harmonic was selected as it represents the worst-case scenario, but to account
for variations across different motor powers, a power-independent weight was calculated. This process
involved plotting the angular coefficient (slope) of each disturbance against motor power and deriving
a new weight from this graph, ensuring consistency in the weighting regardless of the motor’s power.

Figure 5. Influence of failures on the torque variation in 10 HP, 50 HP and 100 HP induction motors. (A) Fifth harmonic, (B) seventh
harmonic, (C) voltage imbalance, (D) voltage variation, (E) LTO and (F) analysis of the angular coefficient for all failures.
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Graph ‘F’ given in figure 5 illustrates this analysis of the angular coefficient for each disturbance, and
the results from both the linear regression of the graphs and the summary of these coefficients can be
seen in table 5, facilitating the evaluation of their overall impact on the motor health index.

As seen from the presented graphs, the analysis of the angular coefficient of the lines revealed that
voltage imbalance is the factor with the greatest influence on motor torque. This observation highlights
the importance of maintaining balance in the supply voltage to ensure optimized performance of
electric motors. Additionally, harmonics, especially the fifth and seventh orders, were identified as
secondary contributors. On the other hand, long-duration voltage variation demonstrated a relatively
minor influence compared to the other disturbances analysed, with its effect considered negligible for
disturbances within the range of voltage values commonly found in the network. The third and ninth
harmonics also showed very low influence, primarily because they are zero-sequence harmonics, a
characteristic that inherently limits their impact. Therefore, these two harmonics were disregarded.

This finding suggests that to improve operational efficiency and extend motor lifespan, control and
maintenance plans should prioritize voltage imbalance and odd harmonics that are not multiples of
three. These factors hold more weight in the health index, signifying their greater influence on motor
health. Since the function of the weight will always be to amplify the health value, it is necessary
to sum the values of the angular coefficients for each disturbance to reflect their respective impacts
accurately in the final health index calculation. Thus, obtaining the following weights, as shown in
table 6.

4.2. Data generation and data feeding
For data generation, specific operational standards were adopted to simulate realistic conditions for
the motor’s operation. In this case study, the motor was hypothetically set to operate in a soybean
plantation located in Goiás, Brazil. In this context, environmental and operational parameters such
as average temperature, precipitation and patterns of soybean planting, harvesting and cultivation
were considered. In Goiás, the rainy season typically extends from November to March, during which
significant voltage imbalances were factored in. This consideration stems from the tendency for rains to

Table 5. Equations of the straight lines for motors with 10 HP, 50 HP and 100 HP.

10 HP 50 HP 100 HP
generalized for all
motor powers

parameters line
equation

R² line
equation

R² line
equation

R² line
equation

R²

fifth harmonic 144.81x +
0.002

1.000 693.8x −
0.0066

1.00 1558.5x −
0.0006

1.00 15.773x −
42.173

0.999

seventh harmonic 103.8x +
0.0022

1.00 346.36x −
0.0042

1.00 682.44x +
0.0096

1.00 6.4413x +
33.997

0.999

voltage
imbalance

372.46x −
0.0004

1.00 1778.6x −
0.0029

1.00 3967.2x −
0.0058

1.00 40.099x −
99.169

0.9963

long-duration
voltage
variation

0.0045x +
0.0002

0.6281 0.048x +
0.0093

0.5144 0.0565x +
0.0225

0.9343 0.0006x +
0.0064

0.823

LTO 177.91x −
0.2545

1.00 249.89x +
0.0157

1.00 283.2x +
0.0926

1.00 0.7397x +
197.55

0.384

Table 6. Weight of fault parameters in three-phase induction motors.

parameter weight

voltage harmonics 1.15

voltage imbalance 1.4

long-duration voltage variation 1

LTO 1.07
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cause faults in the electrical network, potentially leading to the disconnection of one transformer phase.
High average temperatures, observed from August to October, were linked to long-duration voltage
variation. This association was made because increased loads in the region during hotter months can
cause voltage drops. Lastly, the soybean planting cycle was correlated with voltage harmonics, as
the activation of a higher number of motors in the network tends to intensify harmonic distortions.
For this study, the period from May to July was considered, coinciding with higher motor usage on
plantations. The values used to calculate the motor’s health index under these operational conditions
are summarized in table 7.

The algorithm used to generate arbitrary data, considering the previously established assumptions,
is available in the Dryad Repository [88] under the name ‘Is_Data_Generation.py’. This code aims to
build a table with information about the performance of a system over time, considering variables such
as voltage, harmonics, unbalance and velocity. These data are generated through simulation and later
exported to a file for analysis.

The code is structured into specific functions, each playing a fundamental role in the process:

— monthly_time_limit()—Defines the minimum and maximum limits for voltage, harmonics,
unbalance and velocity for each month of the year, according to table 7, allowing for the
simulation of natural variations in these quantities.

— generate_random_values()—Generates random values within the defined ranges, representing
simulated system measurements.

— calculate_health_index()—Calculates a ‘health index’ for the system based on the simulated values,
reflecting its overall condition.

— generate_data()—Integrates the previous functions to generate the complete dataset. For each
date, it determines the limits for the corresponding month, generates simulated values and
calculates the health index.

— export_to_csv()—Structures the generated data and exports it to a file compatible with programs
like Excel, containing the dates and the calculated health index.

Based on these parameters, health indices were calculated, and subsequently, a database was construc-
ted that collected information every hour over a period of 10 years. Figure 6 presents the values
assumed by these data over time, with the Y-axis corresponding to the motor health index. This
approach allows for year-by-year observation of data seasonality, revealing peak health index months
(e.g. March) and those with poorer performance (e.g. June). Subsequently, these data were used to train
the algorithms, aiming to capture and model these patterns for future value prediction.

Table 7. Table of disturbances included in the simulation.

month THDv FD Vlong LTO

January 0 2.9 < FD < 3.1 0 13.75 < LTO <
27.5

February 0 2.1 < FD < 2.3 0 0

March 0.5 < THDv < 0.6 0 0.7 < Vlong < 0.8 0

April 0.3 < THDv < 0.4 0.4 < FD < 0.5 0 0

May 11 < THDv < 12 0 0 0

June 9 < THDv < 10 0 0 41.25 < LTO < 55

July 7 < THDv < 8 0 0 0

August 0 0 6 < Vlong < 7 0

September 0 0 9 < Vlong < 11 0

October 0 0 7 < Vlong < 8 0

November 0 1.6 < FD < 1.7 0 0

December 0 1.9 < FD < 2.1 0 0

14
royalsocietypublishing.org/journal/rsos 

R. Soc. Open Sci. 12: 241946

Downloaded from http://royalsocietypublishing.org/rsos/article-pdf/doi/10.1098/rsos.241946/2828536/rsos.241946.pdf
by guest
on 10 August 2026



4.3. ARIMA model
The ARIMA algorithm that processes the data generated by ‘Is_Data_Generation.py’ is available in
the Dryad Repository [88] under the name ‘Code_Arima.py’. It analyses the system’s performance
over time by examining the health  variable in the dataset, identifying trends and seasonal patterns
and making future predictions using the ARIMA model. The dataset, previously generated
through simulation, serves as the foundation for training, testing and validating the predictive
model.

The code is structured into the following key steps, each serving a fundamental role in the process:

— Data loading and visualization: Reads the generated file, structures the information and creates an
initial plot to visualize the complete dataset.

— Time filtering: Selects only the data within the 2010−2020 range for focused analysis.
— Decomposition of the time series: Breaks the data into three components to better understand its

structure:
— Trend: Represents long-term movements in the data.
— Seasonality: Captures recurring patterns at regular intervals.
— Random variations: Accounts for unpredictable fluctuations.

— Dataset splitting for model training: Divides the data into the following two subsets:
— Training data: The first 3502 values, representing approximately 96% of the total dataset,

used to train the predictive model.
— Testing data: The remaining 4% of the dataset, used to evaluate the model’s accuracy.

— Model training and forecasting: Uses an ARIMA model to analyse historical data and generate
predictions for the next 90 days.

— Visualization of results: Plots the training data, test data and predicted values in a single graph to
compare the real and estimated behaviours over time.

The ARIMA model was trained using 96% of the data, while the remaining 4% was reserved for
performance evaluation. The graphical representation of this relationship between training data, test
data and health predictions is presented in figure 7.

The ARIMA model, in this case, shows no predictive capability and fails to capture the seasonality
within the dataset. Despite being applied, the model could not learn the underlying patterns and failed
to adapt to the variations in the health variable over time. This predictive failure can be attributed to
the inherent limitations of the model, especially when dealing with complex, nonlinear data, as in the
case of this dataset. ARIMA, primarily designed for univariate time series with linear dependencies,

Figure 6. Motor health pattern for 10 years.
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struggles with datasets that exhibit stronger seasonal variations, nonlinear trends or other complex
patterns that it cannot model effectively.

The model’s failure to capture seasonality may also be due to insufficient seasonal structure in the
data or inadequate parameter selection, which may have hindered the recognition of cyclical trends.
Additionally, ARIMA models typically require careful parameter tuning to fit the data appropriately,
and the automatic selection of these parameters may not have been ideal for this specific dataset.

As a result, the model’s predictions showed no significant improvement over random assumptions,
with prediction errors increasing over time. This reinforces the model’s inability to learn the seasonality
and dynamics of the dataset.

4.4. Facebook Prophet model
The algorithm utilizing Facebook Prophet, similar to the previous one, is also available in the
Dryad Repository [88] under the filename ‘Code_Facebook_Prophet.py’. Its structure follows a similar
approach, with distinctions specific to the implementation of the Prophet library.

The code is organized in a systematic sequence of steps, which are as follows:

— Data loading and preprocessing: The dataset is read from a CSV file and filtered to select the
relevant columns (‘Time’ and ‘Health’). The column names are renamed to ‘ds’ (date) and ‘y’
(health), as required by the Prophet model. The data are then sorted chronologically by the ‘ds’
column to ensure proper time order.

— Model initialization and fitting: The Prophet model is initialized using the Prophet() function. The
model is then trained on the dataset with the fit() method, allowing it to learn the underlying
trends and seasonality patterns.

— Future data generation: The make_future_dataframe() function extends the dataset by 365 days to
create a forecast period. The predict() method is then used to generate predictions for the health
variable over this future period.

— Visualization: The plot() function visualizes the forecasted data, showing both historical and
predicted health values in a time-series plot. This helps in understanding the model’s perform-
ance and future trends.

— Cross-validation and performance metrics: The cross_validation() function assesses the model’s
accuracy by evaluating it over different data subsets, with a specified initial training period,
evaluation period and prediction horizon. The performance_metrics() function calculates
performance metrics based on the cross-validation results, which help in assessing the model’s
accuracy in predicting future values.

Figure 7. Predicting the future health of a three-phase induction motor using the ARIMA algorithm.
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Unlike ARIMA, Facebook Prophet required no configuration adjustments, as it assimilated all the
provided data as training input, producing an output that consisted of a temporal sequence of the
input data. The algorithm generated multiple possible values for the temporal sequence and graphi-
cally represented them, highlighting the most probable values on a chart. This seamless approach,
which contrasts with ARIMA’s need for parameter configuration, allowed for a smooth and efficient
prediction process. The relationship between the training data, test data and the resulting predictions is
visually illustrated in figure 8.

Facebook Prophet demonstrates a significant advantage over ARIMA, showing notable improve-
ment in accurately predicting the health of the induction motor 1 year into the future. The algorithm’s
performance is reflected in its low error rates, with a mean squared error of 0.438 and a mean absolute
error of 0.467. In the case of Facebook Prophet, its accuracy is evident. Unlike ARIMA, which struggles
with increasing errors over longer periods, Prophet maintains a more reliable performance throughout
the prediction horizon. Essentially, while ARIMA’s accuracy declines significantly when forecasting
beyond short-term periods, Prophet consistently delivers more accurate predictions across the same
1-year timeframe.

5. Conclusion
In this study, various factors and potential causes of failures in three-phase induction motors were
meticulously examined, analysing the most recurrent failures, their implications and the resulting
impacts on the overall performance of the three-phase induction motor. It was observed that volt-
age imbalance represents the predominant factor, followed by harmonics, s.d. of speed and, lastly,
long-duration voltage variation, in that order. Additionally, a method was developed to assess the
health of a three-phase induction motor based on power quality data. Concurrently, an innovative
method was proposed to predict the motor’s health status, using specialized AI algorithms for
time-series forecasting. Among the algorithms used, Facebook Prophet stood out as a notably reliable
and accurate choice. Its ease of use, uncomplicated configuration and consistent results exceeded
expectations.

However, it is important to note that despite the success in predicting the data, the absence of
validation of the method in a real, non-simulated environment represents a significant limitation of this
study. The elevated costs associated with testing motors under failure conditions are a major challenge,
as operating motors in such states can lead to total failure, making it difficult to conduct these tests
in practice. Therefore, future studies should aim to address this gap by establishing partnerships with

Figure 8. Predicting the future health of a three-phase induction motor using the Facebook Prophet algorithm.
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industries for field testing and leveraging government research and development grants to acquire
necessary equipment for laboratory testing.

Furthermore, future research should consider expanding the range of monitored variables to
include motor temperature, vibration, noise emissions and startup performance. Incorporating these
additional factors into the analysis could provide valuable insights into the motor’s degradation
process, improving the reliability of health predictions and advancing the field.
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