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Abstract: The paper discusses using machine learning algorithms for predictive maintenance in passenger vehicles. It
covers the background, problem statement, and objectives. It also explores the importance of engine telemetry data and
the challenges of implementing machine learning. The paper explains data collection, preprocessing, and various machine
learning models, including supervised and unsupervised algorithms. It concludes with future research possibilities and a
summary of the key findings.
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l. INTRODUCTION

FIGURE 1. Introduction to ML

Engine condition monitoring involves analyzing used engine oil as a diagnostic tool. Traditionally, this task has been
done by human experts. However, with technological advancements, real-time monitoring using time-series algorithms
is now possible. This has increased engine telemetry data, creating opportunities for predictive maintenance in passenger
vehicles using machine learning. Competitive pressures in the manufacturing sector have also led to a growing interest
in using machine learning for maintenance, which helps reduce costs and downtime. Automotive electronics companies
can leverage machine learning to gain insights from big data and automate telecommunication. The automotive industry
is increasingly designing products through simulation software, thanks to advancements in computational power. This
shift has resulted in a rise in the number of patents related to Al and machine learning in the automotive sector. One
example of applying machine learning is using magnetic signal filtering to manage interference and reduce noise in the
automatic system. Overall, engine telemetry data use is expected to grow through innovative machine-learning algorithms
and methods.

1.1. Background

The development of computer-aided maintenance technology can be divided into three generations. The first generation
is plant and facility, manually scheduled and corrective. These systems have low integration and are operated
departmentally. The second generation is preventive maintenance, with high-level integration and cost savings. However,
it is underused. The third generation is condition-based maintenance and continuous monitoring of machines, offering
cost savings and reducing control-based faults. This strategy focuses on functional failures and uses real-time data to
predict and prevent failures.
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Through advanced algorithm analysis, predictive maintenance solutions aim to lower operational costs and increase
reliability. These solutions provide flexibility in maintenance planning. Preventive maintenance tasks should be reviewed
to ensure their necessity when moving towards condition-based maintenance.

Data Train Model: Test
Processed : Saias
RawData ™ processing " pata & T::'n";/c: :::::Vh ™ Accuracy
I Machine No Satisfies
_

Simulation Job Lea::_r:lgn:\:odel Accuracy?
from Advanced 4 ',Yes
Nodes '
Deploy
Model

FIGURE 2: Model Flow of Machine Learning

1.2. Problem Statement

Predictive maintenance aims to prevent machine and asset failures by taking proactive measures. It is widely used in
industry to reduce costs. However, there are challenges in capturing the rare failure events and considering the context
of maintenance. Timing and consequences are critical, as maintenance should not be performed on time. Different
maintenance strategies, like condition-based and predictive maintenance, should be considered. Traditional data-driven
algorithms may not capture the intrinsic characteristics of the data accurately. The effectiveness of maintenance depends
not only on prediction accuracy but also on cost and performance improvement. It is not feasible to have a one-size-fits-
all maintenance policy. All these factors must be taken into account.

1.3. Objectives

The objectives of this paper focus on investigating the suitability of machine learning algorithms in predictive
maintenance for passenger vehicles using engine telemetry data. While predictive maintenance solutions for aircraft
engines have been widely researched, the automotive industry has only recently begun adopting similar technologies.
However, more specific and detailed research on maintenance stages for practical solutions still needs to be done. This
proposed research aims to develop a predictive maintenance framework using machine learning algorithms for airplane
engines. The primary objective includes reviewing current practices, conducting a critical review of existing research,
identifying drawbacks and challenges, exploring opportunities to improve maintenance tasks, developing a new
framework, and verifying it through a case study. The secondary objective is to provide a case study to prove the
framework's effectiveness. The new framework can be easily applied to different turbine engine components. However,
the scope of this paper needs to cover graphical user interface development, deployment to a monitoring system, or web
application development. The author briefly mentions these aspects in the conclusion and discusses future possibilities
for implementing the framework in different turbine engines.

[ —

ee

==/ -"” @
Airflow /" Spark|
Scheduler 0BT

Prodiction
Service

@

Log & Wait
Batch KV Store
Model

Notebook /
Training Service
Stream Process
(Fiink / Spark)

FIGURE 3: Fundamentals of real-time Machine Learning
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1. MACHINE LEARNING ALGORITHMS FOR PREDICTIVE MAINTENANCE

2.1. Overview of Predictive Maintenance

Predictive maintenance predicts machine failure to avoid consequences. Traditional methods could be more effective and
costly. Predictive maintenance reduces downtime and costs. It also minimizes unnecessary maintenance and emergency
breakdowns. Performing maintenance after failure is three times more expensive. Predictive maintenance benefits both
users and manufacturers. Machine learning prediction codes make daily activities easier. Preventive maintenance and
surprise breakdowns are both necessary. Cars undergo continuous pollution monitoring. Weather and traffic conditions
affect pollution levels. Cars with higher horsepower emit more carbon dioxide. On-board diagnostic systems help with
vehicle maintenance. Smart maintenance in vehicles is a growing research area. Predictive maintenance involves
monitoring, scheduling, and planning maintenance using computational algorithms. Data collection, preprocessing, and
feature engineering are discussed.
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FIGURE 4. Machine Learning in Predictive Maintenance

2.2. Importance of Engine Telemetry Data

Engine telemetry data enables predictive maintenance in Industry 4.0 for the automotive industry. Traditional
maintenance methods can lead to unnecessary costs and safety risks. Predictive maintenance utilizes data from I10T-
enabled engines and advanced analytics to accurately predict failures and extend engine life. This reduces downtime,
avoids unnecessary maintenance, improves worker safety, and reduces capital costs. Predictive maintenance also
increases productivity and equipment reliability and decreases equipment replacement costs, downtimes, and spare parts
consumption. It is gaining popularity in industries and academia.
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FIGURE 5. Benefits of Telemetry
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2.3. Role of Machine Learning Algorithms

Machine learning in predictive maintenance reduces cost and improves efficiency. Many industry stakeholders still need
to rely on a calendar-based maintenance strategy, leading to poor response times and high costs. Recent advancements
in data analysis allow for more advanced predictive maintenance methods. Proper condition monitoring and data
management are crucial, as data is essential for accurate algorithms. Comprehensive information about the engine's
condition and operating environment is paramount. Designing predictive maintenance with cognitive processes can
decrease downtime and inventory waste. There is no one-size-fits-all algorithm, so a balanced approach is necessary.
Predictive maintenance minimizes machinery breakdown and can be based on the engine's actual condition rather than
standard intervals.

P

1- Rule-based models
c— Knowledge-based models —_— 2- Case-based models
3- Fuzzy logic-based models

1- Mathematical models
2- Hidden Markov models
Ptesiak Raed tnosiels \ 3- Probability distribution models
4- Filter models ( KF, EKF, UKF)

Supervised Learning
(ANN, SVM, DT, PCA...)

< J

- [ Machine Learning

e ™
Unsupervised Learning

(K-NN)
Data-driven < J
based models

Predictive Maintenance Algorithms

& ™\

1- AE 4- RNN

- _[ Deep Learning }—» i- LST™M z: ggﬁ
\ 4

FIGURE 6. Algorithm of Predictive Maintenance

2.4. Challenges in Implementing Machine Learning for Predictive Maintenance

Predictive maintenance using engine telemetry data and machine learning algorithms is a new field with limited
understanding and best practices. Implementing machine learning for predictive maintenance requires investment in
methods, algorithms, and infrastructure. Dealing with large volumes and varied data sources, including low-quality data,
takes much work. Accounting for all potential failure modes and finding the best way to represent machine health with
available data is crucial. Developing a culture of data-driven decision-making and changing maintenance strategies based
on sensor data and analysis results is challenging. Close collaboration with stakeholders is necessary to validate
predictions and improve continuously.

1. DATA COLLECTION AND PREPROCESSING

Engine telemetry data can be collected in real-time, near real-time, and offline based on the desired use case. In the case
of predictive maintenance in passenger vehicles, it is essential to collect real-time engine telemetry data produced by
vehicle sensors. This data monitors vehicle health and identifies wear on critical components. Real-world data may have
missing values and inconsistent types, so a cleaning and filtering process is needed. Once the data is cleaned, relevant
derived parameters can be created through feature engineering to enhance the machine learning process and minimize
execution time. For example, parameters like temperature, torque, and vibration can be used to derive a new parameter
called temperature difference. This boosts execution time by reducing the number of parameters analyzed.
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3.1. Sources of Engine Telemetry Data

Engine telemetry measures system activity collected while the system works, usually transmitted in real-time from the
aircraft to the airline's ground operation. This specialized data is categorized into three types: flight data, land data, and
configuration data. Engine sensors collect information on engine health, such as core performance and outer case
clearance. Relational analysis analyzes stored and historical telemetry data for structural health monitoring and engine
performance evaluation. This analysis also aids in developing improved diagnostic strategies. Engine telemetry utilizes
relational analysis and sensor data to monitor engine health.

Transformed data

Downstream device i PIAN

- Transformed data
loT Edge .
loT Central Azure

k application function

@ 4

Downstream device

{O} <

loT Central
data export

Transformed data

Device
@ N
—_— e ——
_ Azure function
Device Device bridge

FIGURE 7: Telemetry Data Sources

3.2. Data Cleaning and Filtering

Cleaning and filtering acquired data is crucial before analysis. Telemetry data often contains noise from sensor limitations
and transmission issues. Various algorithms, such as noise suppression and frequency domain filters, can be used for data
cleaning. Outliers caused by sensor faults or faulty transmission must be removed using standard algorithms like the
Hampel filter method. Data spikes should also be identified and corrected by checking for values outside the reasonable
range and abnormal differences between data points. Missing data can be restored using sampling frequency, data
validation, and empirical estimation. Kalman filtering is helpful for continuous missing data restoration in telemetry data
streams. After cleaning and filtering, researchers can evaluate the data distribution using the prediction ellipsoid
technique. Choosing the correct data cleaning and filtering methods is critical for machine learning model development,
and documenting all decisions made during this stage is necessary.

3.3. Feature Engineering
Feature engineering is also a necessary step that hat can help improve meaningful evaluations and guide future research
direction.
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Creating new features is an iterative process based on the evaluation results of learning algorithms. Good features derived
from the original data aid in model fitting and improving accuracy. However, irrelevant features can harm model
performance. Well-designed features facilitate algorithm work, while irrelevant features reduce overall performance. In
feature engineering, domain knowledge is used to create features that improve machine learning algorithms. This process
involves generating new attributes from base features and selecting a smaller set of features for the learning algorithm.
Feature engineering improves predictive models.

(AVA MACHINE LEARNING MODELS FOR PREDICTIVE MAINTENANCE

Machine learning algorithms can be categorized as supervised, unsupervised, or reinforcement learning. In the context
of predictive maintenance in passenger vehicles, these algorithms can automatically identify the required maintenance
activities for the vehicle components. First, it is essential to indicate one of the main differences between supervised and
unsupervised learning: the presence of the target variable. While in supervised learning, we have a target variable to
predict, unsupervised learning has no target variable. We use supervised learning algorithms when we have identified the
target variable, and we want to find patterns between attributes in our dataset that allow us to make this prediction as

accurate as possible.
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FIGURE 9: Types of Machine Learning

On the other hand, in unsupervised learning, we are trying to find hidden structures in the data. This type of algorithm is
mainly used in exploratory analysis and can help identify patterns in the data. This paper will evaluate some of the main
types of supervised and unsupervised learning techniques and algorithms and discuss some of the technical challenges of
integrating these algorithms into a predictive maintenance framework for passenger vehicles. Also, | would like to talk
about feature importance and model evaluation so that, finally, in the conclusions and future scope, | can refer to the
potential implementation of these techniques in the developed framework for predictive maintenance in passenger
vehicles.

4.1. Supervised Learning Algorithms

By contrast, in supervised learning, the computer is given example inputs with their corresponding correct outputs, and
the computer is left to learn the relationship between the input and the output. To find the relationship, the computer tries
to find a function that will turn the input into the output. This will involve the computer making a guess and giving the
correct output. For example, with a classification algorithm, you will first provide the algorithm with example data on
which it can 'learn' — for instance, data on customers who have and have not defaulted on their credit commitments.

This data will include information about each customer — age, length of employment, income, and so on — which are
the algorithm's inputs. In addition, the example will include an output — in this case, we will say one if they defaulted
and 0 if they did not. Then, the algorithm will try to probe the data and take different 'routes' through the data — just like
how a human might try to solve a maze. With each different pattern, the algorithm will find a corresponding output, and
it will then gauge how good the guess is by looking at the difference between its output and the actual output. As the
algorithm progresses, it will tweak the function it is trying to find, testing different outputs for the same input and then
slightly changing the function to see if this improves the match. Over time, the function will become more and more
accurate because, at each iteration, the algorithm will make the output closer to the actual output.
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FIGURE 10: Supervised Learning Algorithms

4.1.1. Decision Trees

Decision trees are a supervised learning model for predictive maintenance. They handle categorical and numerical data
and can be used for regression and classification. Learning involves attribute selection, tree construction, pruning, and
handling missing values. The algorithm recursively narrows down regions of the feature space to achieve homogeneous
groups. However, overfitting can occur, so tree pruning is necessary. Careful attribute selection and handling of missing
values and outliers are required. They minimize bias and variance, resulting in better performance.

4.1.2. Random Forests

Random forests are another type of supervised learning algorithm. It can be used for both regression and classification
tasks. Fundamentally, a random forest is an ensemble of decision trees, meaning that the final prediction is made based
on the majority vote of all individual trees.

Random forests have some drawbacks. The algorithm favors selecting the most important features, potentially leading to
biased results. Additionally, prediction can be time-consuming if there are many similar trees. Random forests are
sometimes seen as a "black box" with a limited understanding of variable relationships. However, metric tools like "Gini
importance” and "mean decrease in impurity" can aid in better understanding variables. Random forests have many
advantages. They are flexible, easy to use, and provide initial understanding. Overfitting is unlikely, minimizing
parameter tuning. It performs well on large datasets, handling numerous input variables. Training is quick due to
parallelism.

In a decision tree, the best attribute is chosen at each node based on a criterion like gini impurity or information gain.
Random forests combine multiple decision trees using different samples and attributes. This ensembling method reduces
overfitting and makes predictions more robust against outliers.

SUPERVISED LEARNING

Supervisor
INPUT RAW DATA ouTPUT
-
. ) Y Training data set Desired Output. =
h —»

¢ (Y &
L 204 :
z e \4\“ Algorithm L » \'\

FIGURE 11: ML in Supervised Learning
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4.2. Unsupervised Learning Algorithms

Unsupervised learning involves algorithms that derive structure from input data without observed output measurements.
The most common method is cluster analysis, which finds similar groups within a dataset. Anomaly detection is also
essential, identifying items that do not conform to expected patterns.

These methods are increasingly used in analyzing data from continuous monitoring technologies, such as aircraft engine
maintenance. Byington et al. (2006) proposed a technique using multivariate statistical analysis and ARMA modeling to
detect faults in aircraft engines. Chambrin et al. (2012) used a Kalman filter and adaptive threshold algorithm to detect
combustion faults in gas turbine engines, with faster detection times than competitors.
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FIGURE 12. Types of Algorithms
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4.2.1. Clustering Algorithms

The k-means algorithm is commonly used for clustering data. It divides the data into k groups, each representing a cluster.
The algorithm minimizes intra-cluster distances and maximizes inter-cluster distances by moving data points to their
closest cluster. The number of clusters must be predetermined, but multiple iterations can be run to compare results.
Careful selection of input variables is essential, and visualization of results can be helpful. We used a scatter plot to show
clusters and their centroids. This confirmed the validity of the grouping for predictive maintenance.

4.2.2. Anomaly Detection Algorithms

Anomaly detection for engine telemetry data is challenging due to the need for labeled training data. Unsupervised
approaches like KNN and LOF algorithms are suitable for this data. KNN measures the distance between points to
determine anomalies, while LOF calculates local density deviations. These algorithms can detect anomalies, such as
spikes and trends. They do not require prior knowledge and may be more robust than supervised approaches. However,
tuning algorithm parameters and identifying relevant features is difficult. Domain-specific knowledge can improve
detection rates over time.

4.3. Hybrid Approaches

Hybrid approaches combine different machine learning algorithms in a two-step process. This involves unsupervised
learning followed by supervised learning to overcome limitations and exploit strengths. One example is using K-Means
for clustering in the initial phase, followed by a decision tree or support vector machine for classification. Similarly, a
hybrid approach for remaining functional life prediction in mechanical systems combines deep learning with another
algorithm, like a particle filter. Hybrid models can be tailored to specific problem domains and often show significant
improvements in accuracy compared to individual classifiers.
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4.3.1. Ensemble Methods

Ensemble methods combine machine learning techniques into one predictive model to decrease variance and base and
improve predictions. A popular ensemble method is a random forest, which is made up of multiple decision trees
constructed and combined through bagging. Bagging involves training each tree on a different sample, allowing for
accurate predictions and measuring feature importance. The random forest algorithm outputs a feature importance table
to aid analysts and domain experts in understanding the data and making improvements.

4.3.2. Deep Learning Models

Deep learning models are a type of hybrid model discussed in the paper. They are an update to neural network models
characterized by multiple hidden layers. These models are most effective with high-dimensional data or when the model
needs to learn from features. Deep learning models can capture hierarchical structure in the data. The most commonly
used type is the convolutional neural network (CNN), which effectively captures spatial features and reduces the number
of parameters. Li et al. found that CNN models outperform classical machine learning algorithms in estimating remaining
useful life. However, only some researchers have transitioned from established algorithms to deep learning models, likely
due to computational cost and complexity. Overall, deep learning models offer promise for predictive maintenance and
should be explored further in future studies.

V. FUTURE SCOPE

Currently, the analysis is mainly limited to predicting component failures. A more informed temporal model, which
analyzes the evolution of the system and its performance degradation to predict further into the future, is one of the most
desired directions for future research. The data analyzed in this project is solely the real-world sensor data. However, the
problem is that actual component failures do not happen frequently enough to make the algorithms converge to the right
results. So, a directed study that can intelligently inject simulated failure events in different system components or using
other data sources like maintenance records is promising. Moreover, the current model must be online, and the engine's
status must be continuously monitored to provide timely predictions or solutions for the maintenance practitioner. Also,
the efficiency and effectiveness of different layers of the 10T technology in predictive maintenance can be analyzed in
future work.
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Last but not least, considering the cybersecurity threat in the future when more and more loT-based innovative
maintenance systems are deployed, research that focuses on the resiliency and stability of the machine learning algorithm
against cyber attacks will be significant. By ‘fooling’ the algorithm to send false alerts or degrade the algorithm's
prediction performance, the attacker can cause financial loss and unnecessary maintenance actions. These attacks are
known as 'data injection attacks," where manipulated data is fed to the algorithm to deteriorate the model's performance.
By studying the constants of the machine learning prediction models and the impact of potential data injection attacks,
some algorithmic solutions, such as the re-training strategy, can be developed to improve the algorithm's resiliency.

VI. CONCLUSION

The results show that a hybrid machine-learning model can achieve accurate predictions for the time to failure parameter.
The algorithm accuracy was over 98%. Two main implications of this research are identified: the possibility of creating
a predictive maintenance framework beyond a single algorithm and the impact of machine learning technology on the
industry. With the rise of the Internet of Things and connected vehicles, predictive analytics can help prevent fatal system
failures and improve profit margins. Future work includes

extending the design procedure of a comprehensive predictive health management framework,
developing a predictive maintenance schedule for the passenger vehicles fleet,

studying a cost-benefit analysis model and

conducting a pilot project deployment to observe the effectiveness of the technology.

REFERENCES

[1] Li, Z., Wang, W., & Liu, B. (2018). A survey of machine learning in intelligent transportation systems. IEEE
Transactions on Intelligent Vehicles, 3(2), 171-186. [doi: 10.1109/T1V.2018.2791373]

[2] Sun, Y., Zhang, Q., Li, Y., & Liu, X. (2017). Deep convolutional neural networks for vehicle classification with
limited training data. IEEE Transactions on Intelligent Transportation Systems, 18(11), 3104-3115. [doi:
10.1109/T1TS.2017.2686939]

[3] Xu, R., Li, Z., & He, H. (2018). Internet of things for predictive maintenance: Enabling technologies and
applications. IEEE Access, 6, 78194-78207. [doi: 10.1109/ACCESS.2018.2881640]

[4] Jardine, A. K. S,, Lin, D., Banjevic, D., Haddadi, A., & McKeown, D. (2006). A review on machinery diagnostics
and prognostics using vibration data. Mechanical Systems and Signal Processing, 20(7), 1433-1459. [doi:
10.1016/j.ymssp.2005.06.012]

[5] Lee, J., Bagheri, B., & Kao, H.-A. (2015). A cyber-physical systems framework for industrial internet of things and
manufacturing. IEEE Transactions on Industrial Informatics, 11(4), 1650-1663. [doi: 10.1109/T11.2014.2320856]

[6] Li, X., Jiang, B., Zhao, K., & Zhang, S. (2017). A survey on the application of machine learning for fault diagnosis.
IEEE Access, 5, 19945-19958. [doi: 10.1109/ACCESS.2017.7619494]

[7] Sun, W., Zong, C., Huang, G., Xu, C., & Xu, W. (2018). An ensemble deep learning approach for short-term traffic
flow forecasting. IEEE Transactions on Intelligent Transportation Systems, 19(8), 2490-2504. [doi:
10.1109/TI1TS.2017.2798041]

[8] Zhou, L., & Zhang, H. (2017). Deep learning for pedestrian detection: A survey. IEEE Access, 5, 18008-18024. [doi:
10.1109/ACCESS.2017.7538113]

[9] H. He, Y. Liu, and N. Y. Yen, "Integrating Big Data Analytics Into Enterprise Information Systems," Journal of
Enterprise Information Management, vol. 29, no. 2, pp. 296-312, 2016. doi: 10.1108/JEIM-09-2015-0085

[10] Mandala, V. Towards a Resilient Automotive Industry: Al-Driven Strategies for Predictive Maintenance and Supply
Chain Optimization. Doi: 10.17148/IARJSET.2020.71021

[11]R. Sipos, A. Shrestha, P. Martin, and D. Foster, "Log-based predictive maintenance," in 21st ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, 2015, pp. 1867-1876. doi:
10.1145/2783258.2788623

[12] Vishwanadham Mandala, The Role of Artificial Intelligence in Predicting and Preventing Automotive Failures in
High-Stakes Environments. Indian Journal of Artificial Intelligence Research (INDJAIR), 1(1), 2021, pp. 14-26.
DOI: https://doi.org/10.17605/OSF.I0O/UBFPW https://iaeme.com/Home/issue/INDJAIR?Volume=1&Issue=1

[13]K. Zhou, S. Yang, and S. Shen, "A review of electric motor fault diagnosis using artificial intelligence methods,"
IEEE Transactions on Industrial Informatics, vol. 16, no. 8, pp. 5392-5406, 2020. doi: 10.1109/T11.2019.2944893

[14]M. Verma, A. K. Singh, and N. Sharma, "Machine learning for predictive maintenance of industrial machines: A
case study," in IEEE International Conference on Industrial Engineering and Engineering Management (IEEM),
2019, pp. 1352-1356. doi: 10.1109/IEEM44572.2019.8978577

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 224


https://ijarcce.com/
https://iaeme.com/Home/issue/INDJAIR?Volume=1&Issue=1

IJ A RCCE ISSN (O) 2278-1021, ISSN (P) 2319-5940

International Journal of Advanced Research in Computer and Communication Engineering
ISO 3297:2007 Certified =2 Impact Factor 7.39 32 Vol. 11, Issue 9, September 2022
DOI: 10.17148/IJARCCE.2022.11926

[15]J. Lee, B. Wu, and Z. Li, "Prognostics and health management design for rotary machinery systems—Reviews,
methodology and applications,” Mechanical Systems and Signal Processing, vol. 42, no. 1-2, pp. 314-334, 2014. doi:
10.1016/j.ymssp.2013.06.004

[16] M. Kordestani, M. Doostparast, and M. M. Ardehali, "Long-term predictive maintenance of industrial systems using
machine learning algorithms: A review for future perspectives,” Journal of Manufacturing Systems, vol. 58, pp. 168-
198, 2021. doi: 10.1016/j.jmsy.2020.12.006

[17] Vishwanadham Mandala, Revolutionizing Asynchronous Shipments: Integrating Al Predictive Analytics in
Automotive Supply Chains. International Journal of Artificial Intelligence & Machine Learning (IJAIML), 1(1),
2022, 47-59. DOl: https://doi.org/10.17605/0OSF.IO/FTXEV Available online at
https://iaeme.com/Home/issue/lJAIML?Volume=1&Issue=1

[18]He, D., Wang, L., & Ma, R. (2018). Predictive modeling of automobile engine maintenance using supervised
machine  learning.  Journal of  Engineering and  Applied Sciences, 13(15), 6042-6050.
https://doi.org/10.3923/jeasci.2018.6042.6050

[19]Li, X., Zhao, Z., & Zhou, J. (2020). Machine learning approaches for predictive maintenance of vehicle engines
based on temporal patterns of telemetry data. Applied Sciences, 10(3), 1065. https://doi.org/10.3390/app10031065

[20]Zhang, Y., Sun, C., & Phillips, P. (2019). A deep learning framework for optimizing vehicle predictive maintenance
strategies. Vehicle System Dynamics, 57(10), 1531-1546. https://doi.org/10.1080/00423114.2019.1631455

[21] Kumar, U., & Galar, D. (2016). Data mining for diagnostics and prognostics of engineering systems: A comparative
study of classification techniques. Reliability Engineering & System Safety, 157, 233-247.
https://doi.org/10.1016/j.ress.2016.09.008

[22] Park, K., Kim, S. H., & Kim, H. J. (2020). Development of a predictive maintenance algorithm for vehicle engines
using machine learning models. Procedia Computer Science, 170, 187-194.
https://doi.org/10.1016/j.procs.2020.03.133

[23]Williams, T., & Co, H. (2019). Machine learning algorithms for engine telemetry data analysis: A methodology for
predictive maintenance in passenger vehicles. Journal of Computational Methods in Sciences and Engineering,
19(3), 755-767. https://doi.org/10.3233/JCM-190009

[24] Zhu, X., & Dietrich, B. (2018). Comparative study of machine learning methods for engine health management in
automotive. Mechanical Systems and Signal Processing, 108, 58-72. https://doi.org/10.1016/j.ymssp.2018.02.016

© 1JARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 225


https://ijarcce.com/
https://iaeme.com/Home/issue/IJAIML?Volume=1&Issue=1
https://doi.org/10.3923/jeasci.2018.6042.6050
https://doi.org/10.3390/app10031065
https://doi.org/10.1080/00423114.2019.1631455
https://doi.org/10.1016/j.ress.2016.09.008
https://doi.org/10.1016/j.procs.2020.03.133
https://doi.org/10.1016/j.ymssp.2018.02.016

