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As industries increasingly depend on electric motors for critical operations,
ensuring their reliability and efficiency is essential. This paper presents a
comprehensive analysis of data-driven approach for predictive maintenance
aimed at optimizing system performance and minimize unplanned downtime.
Leveraging advanced machine learning algorithms using Python programming
language, the proposed method integrates data from electric motors—
including temperature, vibration, and current to develop predictive models.
Using Python to implement predictive maintenance for electric motors
entails a methodical process that includes data collection, preprocessing,
model development, and real-time monitoring. By training these models on
historical data, the framework was able to detect miniature changes in
motor behaviour that indicate potential issues. Results from the study show
a range of output fault variations produced by all trained models. These
miniature variations highlight how accurate the data-trained models are at
predicting faults. By adopting data-driven methodologies, industries can
enhance resource allocation, streamline maintenance operations, and
extend the lifespan and efficiency of electric motor systems.

© 2025 Authors. All rights reserved.

I. Introduction

Innovations in industry technologies enhance
industrial production to satisfy the demands of
intelligent manufacturing systems. Although,
electric motors are the backbone of many
industries, they are rarely given much industrial
attention. Electric motors are essential to almost
every facet of contemporary industries (Emadi,
2018). Similar to other rotating machinery,
motors can break down, wear out, or degrade
over time. A motor will eventually fail if nothing
is done during the deteriorating process, which
causes the operating environment and conditions
to worsen. If one or more busy motors fail, there
could be a loss of capacity and very high repair
and maintenance expenses (Aniket et al., 2021).

Reactive, preventive, and predictive maintenance
(PdM) are among the various forms of electric
motor (machine) maintenance that have been
developed and put into practice (Noor et al.,
2023).

Reactive maintenance is applied when a motor
breaks down. While preventive and predictive
maintenance can be carried out during regular
motor operation (Zhang et al.,, 2019). Preventive
maintenance, however, is more expensive and
results in less motor uptime because it
necessitates shutting down of the motor and
must be performed on a scheduled basis. In
addition, the motor's health profile is non
existing, because there was no continuous
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monitoring of the motor's condition (Tao et al.,
2018).

Predictive maintenance, promises increased
reliability and longer equipment life (Mustafa et
al,, 2021). Predictive maintenance's primary goal
is to identify problems before they arise in order
to maximize equipment lifespan and avoid
unplanned motor downtime.

Predictive maintenance employs a number of
mathematical techniques, such as machine
learning, reliability analysis, statistical process
control (SPC), time series analysis, and failure
modes and effects analysis (FMEA) (Achouch et
al., 2023). By utilizing sizable datasets, machine
learning (ML) algorithms are especially well-
suited for fault detection.

Sutharssan et al. (2015) and Ran et al. (2019),
examined machine learning as one of the several
PdM strategies, which they classified into model-
driven, hybrid, and data-driven methods. The
data-driven methods were divided into statistical
and machine learning approaches. Carvalho et al.
(2019) and Theissler et al. (2021), evaluated
machine learning for predictive maintenance in
general and evaluated the effectiveness of
cutting-edge techniques in relation to the
significance of data-driven approaches.

Predictive maintenance relies heavily on high
quality and sufficient data. However, data
collection and processing can be time-consuming
and data quality issues can arise from sensor
inaccuracies, as shown in previous researches.

Complementary to these studies, this work
focuses on machine learning-based predictive
maintenance (PdM) for electric motor models. It
does this by using the motor's generated data to
find potential warning indications that could
indicate a failure or downtime in an electric
motor. The promising target is fault detection of
electric motor by utilizing past maintenance data
and/or system health state information of the
motor. It attempts to guarantee a prompt repair
prior to a failure while simultaneously attempting
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to prevent an untimely and expensive system
repair.

Random Forest, Linear Regression, Naive Bayes
and Support Vector Machine (SVM) machine
learning algorithms are engaged in this study
using data from a functional alternating current
(AC) motor system. The main goal is to apply
these set of classification algorithms to obtain a
classification model for faults classification and
embed the model in python application to predict
electric faults in motors earlier before they
occur.

2. Materials and Methods

The methodology involves carrying out multiple
experiments on datasets utilizing the Random
Forest, Linear Regression, Naive Bayes, and SVM
algorithms  (Pranckevicius & Marcinkevicius,
2017). To achieve the best accuracy and
precision, experiments are run on each algorithm
separately as well as in combinations.

When these algorithms are combined, averaged,
and compared, they all produce results that are
as reliable and accurate as possible. Several
algorithms are run through the dataset in order
to identify errors. To determine the outcome,
the accuracy of the data gathered from each of
them is examined.

The collection of datasets is the first step (the
faulty dataset is used for the model as shown
(Table 1), followed by preprocessing and the
application of the Natural Language Toolkit for
the features extraction method.

Table I: Fault parameters to detect.

Parameters Fault type

Current
Voltage

Humidity

I
0
Temperature I
0
Vibration I

Available online at: http://www.rsujnet.org/index.php/publications/2025-edition 266



http://www.rsujnet.org/index.php/publications/2025-edition

After splitting the dataset, next is to apply
machine learning algorithms, and build the
suggested classifier model. Following the
application of Naive Bayes, Random Forest,
Binomial Linear Regression, and SVM to the
system response, a model containing the
response message is generated. After testing is
completed on a test dataset and the results are
confirmed, the precision must be observed to
ensure acceptance. The predictive fault

classification system operates as shown in Figures
| and 2.
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Figure I: The workflow of the system
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Figure 2: Model of proposed system
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2.1 Processing and Training the Datasets

Following the creation of the datasets, the data
was processed. To do this, the file was read from
its directory using the pandas function. All
necessary processing packages, including tensor
flow, sklearn model selection, and sklearn
processing, were included. The processing steps
involved importing the necessary processing
packages, loading the data file, and separating the
feature and target variable. The steps include:

i. Encoding the target variable.

ii. Scale the features to a specific range.
ii. Split the data into training and testing
iv. Define the neural network architecture.
v. Compile the model.

vi. Train model

vii. Save the trained model.

2.2 Prediction with the Trained Model

Following processing, a new set of fault data was
added to the model so that it could predict faults
using the trained model file (Figure 3).

Figure 3: Script for the Trained Model

The new data file was first read and processed to
make it appropriate for the prediction model,
after which all necessary modules were included.
Following that, the new data was sent for
prediction, the trained model was loaded, and the
various faults were defined. Eventually, the newly
created fault data file was read, examined, and fed
into the prediction model. The outcomes were
then displayed in the run terminal.
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3. Results and Discussion

The presented results show a range of outputs
produced by all trained models from the first to
the fifth iteration. These minute variations
highlight how accurate the data-trained models
are at predicting faults. Furthermore, the heat
map plot (Figure 4), effectively displays the most
common issues that the motor under
consideration has, as determined by the dataset.

The design performance was evaluated through a
series of tests, and the trained model was created
by training on a range of data sizes. Once
acquired, the model's prediction accuracy was
noted. The newly created model was applied to
a new set of data, and the results were plotted
(Figure 4).

Table 2 and Figure 5 illustrate that in comparison
to other faults, trained model | was able to
determine that the current was at its highest level
(1.000 pu). Trained model 2, established that the
voltage was at its highest level (1.000 pu). The
sample's outcome for trained model 3, revealed
several fault occurrences that indicate the
electric model's temperature is at the highest
level (1.000 pu). Meanwhile, the result obtained
from trained model 4, showed the different fault
occurrence indicating the intensity of humidity
(1.000 pu) in the electric model. Also, trained
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model 5, shows the different fault occurrence
indicating the intensity of vibration (1.000 pu) in
the electric model.
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Figure 4: Heat map showing the outcomes for
the five model samples.

Upgrading the model's performance further has
the potential to improve its performance, an
approach that can be practically applied to a real-
world motor. Using Python to implement
predictive maintenance for electric motors
entails a methodical process that includes data
collection, preprocessing, model development,
and real-time monitoring. Because of its
extensive library ecosystem, Python is an
effective tool for all phases of the predictive
maintenance process.

Table 2: Results of Fault Occurrence Values for the Trained Models

Trained Model Current (pu) Voltage (pu)

Temperature (pu) Humidity (pu)

Vibration (pu)

| 1.0000 0.0570
2 0.0570 1.0000
3 0.0350 0.1900
4 0.01600 0.0800
5 0.0270 0.0021

0.0350 0.0160 0.0270
0.0190 0.0800 0.0021
1.0000 0.1400 0.2200
0.1400 1.0000 0.0510
0.2200 0.0510 1.0000
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Figure 5: Fault Occurrences for Trained Models (a) Trained Model |, (b) Trained Model 2, (c) Trained

Model 3, (d) Trained Model 4, (e) Trained Model 5.

4. Conclusions

In conclusion, employing machine learning (using
Python) to implement predictive maintenance for
electric motors turns out to be a very successful
and efficient strategy for improving operational
reliability and reducing downtime. By employing
sophisticated analytics and machine learning
algorithms, possible problems can be proactively
identified, facilitating prompt intervention prior
to a catastrophic failure.

NumPy, pandas, scikit-learn, and other large
libraries, along with Python's adaptability, make it
a solid tool for feature engineering, data
preprocessing, and model building. Leveraging
historical data, sensor readings, and relevant
parameters, predictive models can be trained to
forecast the health and performance of electric
motors.

Predictive maintenance optimizes resource
allocation and maintenance schedules in addition
to lowering unplanned downtime. This strategy

minimizes the need for reactive repairs and
prevents production interruptions, which results
in significant cost savings. Additionally, by
prolonging the life of electric motors and
minimizing needless resource consumption, it
improves the overall sustainability and efficiency
of operations.

Predictive maintenance solutions can also be
readily modified and enhanced over time thanks
to Python's ongoing evolution and the ecosystem
that supports it. The system's adaptability is
further increased by incorporating real-time
monitoring and feedback loops, which enable
modifications in response to shifting operating
conditions and patterns.

Acknowledgements

Author is grateful to the Department of Electrical
and Electronic Engineering, Federal University
Otuoke for technical support during this
research.

Available online at: http://www.rsujnet.org/index.php/publications/2025-edition 269



http://www.rsujnet.org/index.php/publications/2025-edition

References

Achouch, M., Dimitrova, M., Dhouib, R., Ibrahim,
H., Adda, M., Sattarpanah Karganroudi, S,
Ziane, K., & Aminzadeh, A. (2023). Predictive
maintenance and fault monitoring enabled by
machine learning: experimental analysis of a
TA-48  multistage  centrifugal  plant
compressor. Applied Sciences, 13(3), 1790.

Aniket, A. M., & Babasaheb G. P. (2021). A
review: condition-based techniques and
predictive maintenance for motor. In
Proceedings of the International Conference on
Artificial Intelligence and Smart Systems (ICAIS-
2021) (pp- 807-818). IEEE.

Caldana, V. M, Silva, F. D., Oliveira, R. A, &
Borin, J. F. (2021). Internet of Things and
artificial intelligence applied to predictive
maintenance in Industry 4.0: A systematic
literature review. In Proceedings of the
International ~ Conference  on  Industrial
Engineering and Operations Management ((pp.
1387—-1398). IEOM Society
International. https://doi.org/10.46254/sa02.
20210582

Carvalho, T. P., Soares, F. A. A. M. N,, Vita, R., da
P Francisco, R., Basto, J. P, & Alcala, S. G. S.
(2019). A systematic literature review of
machine learning methods applied to

Computers &
Industrial Engineering, 137, 106024.
https://doi.org/10.1016/j.cie.2019.106024

Drakaki, M., Karnavas, Y. L., Tziafettas, |. A.,
Linardos, V., & Tzionas, P. (2022). Machine
Learning and deep learning based methods

predictive  maintenance.

toward Industry 4.0 predictive maintenance
in induction motors: A State of the Art
Survey. Journal of Industrial Engineering and
Management, 15(1), 31-57.

Emadi, A. (2018). Energy-efficient electric motors,
(Revised and expanded ed.). CRC Press.
Jardine, A. K. S,, Lin, D., & Banjevic, D. (2006). A

review on machinery diagnostics and

Emmanuel (2025)

prognostics implementing condition-based
maintenance. Mechanical Systems and Signal
Processing, 20(7), 1483—1510.

Mohammed, N. A., Abdulateef, O. F., & Hamad,
A. H. (2023). An loT and machine learning-
based predictive maintenance system for
electrical motors. Journal Européen des
Systémes Automatisés, 56(4), 651-656.

Mustafa, C., Mehmet, A. G., & Selcuk, M. (2021).
The experimental application of popular
machine learning algorithms on predictive
maintenance and the design of loT based
condition monitoring system. Computers &
Industrial Engineering, 151, 106948.

Pranckevicius, T., & Marcinkevicius, V. (2017).
Comparison of Naive Bayes, Random Forest,
Decision Tree, Support Vector Machines,
and Logistic Regression Classifiers for text
reviews classification. Baltic Journal of Modern
Computing, 5(2), 221-232.
https://doi.org/10.22364/bjmc.2017.5.2.05

Ran, Y., Zhou, X,, Lin, P, Wen, Y., & Deng, R.
(2019). A survey of predictive maintenance:
systems, purposes and approaches. IEEE
Communications Surveys & Tutorials, 20, |-36.

Sutharssan, T., Stoyanov, S., Bailey, C., & Yin, C.
(2015). Prognostic and health management
for engineering systems: A review of the
data-driven approach and algorithms. The
Journal of Engineering, 2015(7), 215-222.

Tao, F., Qi, Q,, Liu, A., & Kusiak, A. (2018). Data-
Driven Smart Manufacturing. Journal Of
Manufacturing Systems, 48,157-169.

Theissler, A., Pérez-Velazquez, ., Kettelgerdes,
M., & Elger, G. (2021).
maintenance enabled by machine learning:

Predictive

Use cases and challenges in the automotive
industry. Reliability Engineering and System
Safety, 215, 1-21.

Tsui, K. L,, Chen, N., Zhou, Q., Hai, Y., & Wang,
W. (2015).
management: a review on data driven

Prognostics and  health

Available online at: http://www.rsujnet.org/index.php/publications/2025-edition 270



http://www.rsujnet.org/index.php/publications/2025-edition

approaches.  Mathematical ~ Problems in
Engineering, 1-17.
Wang, K. (2016). Intelligent predictive

maintenance (Ilpdm) system—Industry 4.0

scenario. WIT Transactions on Engineering
Science, |13, 259-268.

Emmanuel (2025)

Zhang, W., Yang, D., & Wang, H. (2019). Data-
driven methods for predictive maintenance
of industrial equipment: A survey. IEEE
Systems Journal, 13(3), 2213-2227.

Available online at: http://www.rsujnet.org/index.php/publications/2025-edition 271



http://www.rsujnet.org/index.php/publications/2025-edition

	The presented results show a range of outputs produced by all trained models from the first to the fifth iteration. These minute variations highlight how accurate the data-trained models are at predicting faults. Furthermore, the heat map plot (Figure...
	The design performance was evaluated through a series of tests, and the trained model was created by training on a range of data sizes. Once acquired, the model's prediction accuracy was noted. The newly created model was applied to a new set of data,...
	Table 2 and Figure 5 illustrate that in comparison to other faults, trained model 1 was able to determine that the current was at its highest level (1.000 pu). Trained model 2, established that the voltage was at its highest level (1.000 pu). The samp...

