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ABSTRACT

The rapid advancement of artificial intelligence and
machine learning has created new opportunities for
improving automobile reliability, safety, and
maintenance efficiency. Traditional automobile
maintenance practices primarily rely on scheduled
servicing or corrective maintenance after a
component failure occurs. These approaches may
lead to unexpected breakdowns, increased
maintenance costs, and vehicle downtime. To
overcome these challenges, machine learning-based
predictive maintenance provides an intelligent
approach for monitoring vehicle health and
predicting potential component failures before they
occur. This study explores the application of
machine learning techniques in predictive
maintenance of automobiles using real-time and
historical vehicle data collected from sensors and
onboard diagnostic systems. Parameters such as
engine temperature, vibration, oil pressure, battery
voltage, fuel consumption, and other operational
indicators can be analyzed to identify abnormal
operating conditions and estimate the likelihood of
component failure. Machine learning algorithms,
including Random Forest, Support Vector Machines,
Decision Trees, and Artificial Neural Networks, can
be employed to detect anomalies, classify fault
conditions, and predict maintenance requirements.
The integration of Internet of Things (loT)
technology and cloud-based data analytics further
enables continuous vehicle monitoring and timely
maintenance alerts.
Machine
Automobile

Predictive
Diagnostics, Fault
IoT, Vehicle
Health Monitoring, Condition-Based Maintenance.

INTRODUCTION
In the automotive industry, predictive

Keywords: Learning,

Maintenance,

Detection, Artificial Intelligence,

maintenance refers to monitoring the
condition of vehicle subsystems or
components, diagnosing potential faults or

defects, and predicting when the vehicle
requires maintenance. For example, on a
braking system, predictive maintenance can
monitor sensor feedback to identify if the
brake pad is wearing down and alert the
driver. Predictive maintenance in vehicles
requires sophisticated sensing technology
and a robust -capability to process
information from these sensors and identify
patterns and trends in the condition of
various vehicle components. An advanced
form of predictive maintenance includes a
model trained with large data sets to
manage incoming live sensor data, evaluate
the vehicle’s condition and recommend
action or send alerts.

The automobile industry is undergoing
significant transformation through the
integration of artificial intelligence (Al),
machine learning (ML), the Internet of
Things (IoT), and advanced sensor
technologies. Modern  vehicles are
equipped with electronic control units,
onboard diagnostic systems, and sensors
that continuously monitor various operating
parameters. These technologies generate
large volumes of data that can be analyzed
to improve vehicle performance, reliability,
safety, and maintenance efficiency. In this
context, machine learning-based predictive
maintenance has emerged as a promising
approach for identifying potential vehicle
failures before they lead to unexpected
breakdowns.  Traditional = automobile
maintenance can be classified into
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corrective and preventive maintenance.
Corrective maintenance is performed after
a component fails, often resulting in vehicle
downtime, expensive repairs, and possible
safety risks. Preventive maintenance, on the
other hand, is generally carried out at
predetermined time intervals or after a
specified distance has been travelled.
Although preventive maintenance reduces
the likelihood of certain failures, it may
result in unnecessary servicing because it
does not always reflect the actual condition
of vehicle components.

LITERATURE REVIEW

Sibiraj. M, P. Deepika (2026) Vechicle
maintenance plays an important role in
ensuring safety, reliability, and optimal
performance of automobiles. Traditional
maintenance approaches rely on periodic
servicing or manual inspection, which may
fail to detect early signs of mechanical
faults. This study presents a Vehicle
Maintenance Prediction System using
Machine Learning that analyzes engine
sensor parameters to predict whether a
vehicle requires maintenance. The
proposed system utilizes parameters such as
engine RPM, lubricating oil pressure, fuel
pressure, coolant pressure, oil temperature,
coolant temperature, and temperature
difference. A machine learning model is
trained using historical engine sensor data
to identify patterns associated with normal
and abnormal engine behavior. The trained
model is deployed through a Streamlit-
based web application, enabling users to
input engine parameters and obtain realtime
predictions.

Lalit Johar et al (2025) Predictive
maintenance 1s recognized as a more
economical approach to the typical methods
of prevention in the industry because it
allows early fault detection. This article
introduces the MOMENT system, an

application of machine learning in the field
of predictive maintenance. The proposed
system is intended to evaluate the condition
of the car engine air filter. The data was
collected from the OBD-II system of real
cars. In view of the above analysis,
predictive maintenance can provide a better
and cheaper approach compared to the
conventional preventive approach. This
study aims to present MOMENT, which is
a machine learning-based prediction
maintenance system for automotive engine
air filter condition assessment for
automobiles using OBD II devices.

Raj Kumar Parida et al (2025)
Automotive manufacturing depends on
highly specialized and costly equipment,
where unexpected machinery failures can
disrupt operations and drive-up
maintenance  expenses. This  study
introduces a machine learning-based
predictive maintenance framework tailored
for such environments, leveraging sensor
data and failure records to anticipate faults.
By enabling early interventions, the system
aims to reduce downtime, optimize repair
strategies, and enhance the operational life
of key machines, offering a scalable
solution to improve both productivity and
cost-efficiency in automotive plants. This
paper explores the application of machine
learning  techniques  for  predictive
maintenance in automotive manufacturing,
specifically targeting hardware machine
problems. By analysing sensor data,
operational parameters, and historical
failure records, we develop and implement
machine learning models capable of
predicting potential equipment failures,
enabling proactive maintenance
interventions, reducing downtime,
minimizing repair costs, and extending the
lifespan of critical machinery.
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Ravi Aravind et al (2022) The trend in the
automotive industry has shifted from
wanting the connected car, which uses the
internet to fulfill the infotainment needs of
the driver and the passengers, to acquiring
the capability to manage the massive
amount of vehicle data to enable new
profitable opportunities such as
maintenance-as-a-service. This real-time
maintenance is possible using machine
learning (ML) applications to develop
predictive maintenance (PdM) algorithms.
This creates a new realm focusing on
preventing the unscheduled broken state of
expensive automotive parts such as the
clutch of an automatic transmission, as the
breaking of a single part can affect the
behavior of the whole vehicle. This study
aims to help move the PdM industry even
further, with an up-to-date insight into new
available technologies and highlight
potential applications for vehicle PAM, with
a list of use cases that can be studied for
future development.

Predictive Maintenance of Automobiles
Predictive maintenance addresses these
limitations by using vehicle operating data
to estimate the condition and remaining
useful life of components. Machine
learning algorithms can identify patterns
and relationships in historical and real-time
data to detect abnormal behaviour and
predict potential failures. Parameters such
as engine temperature, vibration, oil
pressure, coolant temperature, Dbattery
voltage, fuel consumption, and diagnostic
trouble codes can provide valuable
information about vehicle health. By
analyzing these parameters, predictive
models can identify early warning signs of
component degradation and recommend
maintenance at an appropriate time. Various
machine learning techniques, including
Decision Trees, Random Forest, Support

Vector Machines (SVM), Artificial Neural
Networks (ANN), and Gradient Boosting
algorithms, can be applied to automobile
fault detection and failure prediction.
Unsupervised learning methods, such as
clustering and anomaly detection, are also
useful when labelled failure data are
limited. The integration of IoT-enabled
sensors and cloud-based platforms allows
vehicle data to be collected, processed, and
analyzed continuously, enabling
maintenance alerts to be delivered to
vehicle owners, fleet operators, and service
centres. The primary objective of this
article is to examine the application of
machine learning techniques in predictive
maintenance of automobiles. It discusses a
systematic methodology for collecting
vehicle data, preprocessing  sensor
developing  predictive
models, and evaluating their performance.
The study also considers the potential
benefits of predictive maintenance in
reducing maintenance costs, minimizing

measurements,

vehicle downtime, improving operational
reliability, and enhancing road safety. The
implementation of reliable predictive
maintenance systems can contribute to the
development of intelligent transportation
systems and more efficient automobile
maintenance practices.

PROPOSED SYSTEM

The proposed Vehicle Maintenance
Prediction System is designed to predict
vehicle maintenance requirements using
machine learning models. The system
collects engine sensor data and processes it
to identify patterns related to potential
vehicle faults. The collected data undergoes
preprocessing to remove noise, handle
missing values, and normalize the data for
model training. After preprocessing,
relevant features are selected for model
development. Machine learning algorithms
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are then applied to train predictive models
capable of identifying maintenance
requirements based on sensor inputs. The
system architecture includes modules for
data collection, data preprocessing, feature
selection, model training, and prediction
generation. When a user inputs vehicle
sensor values into the system, the trained
machine learning model analyzes the data
and predicts whether the vehicle requires
maintenance.
METHODOLOGY
The methodology for machine learning-
based  predictive  maintenance  of
automobiles involves data acquisition, data
preprocessing, feature selection, model
development, performance evaluation, and
maintenance decision-making. The
proposed framework uses vehicle sensor
data and onboard diagnostic information to
identify potential faults and predict
maintenance requirements before a major
failure occurs.
Data Acquisition
The first step is collecting vehicle operating
data from sensors, electronic control units
(ECUs), and onboard diagnostic (OBD-II)
systems. These data may be obtained from
passenger cars, commercial vehicles,
laboratory experiments, vehicle simulators,
or publicly available datasets.
The important parameters considered for
predictive maintenance include:
o Engine temperature and coolant
temperature.
o Engine vibration and abnormal
noise indicators.
e Engine oil pressure and oil
condition.
o Battery voltage and charging
performance.
e Fuel consumption and engine
speed.

e Vehicle speed, mileage, and
operating hours.

o Diagnostic trouble codes indicating
potential system faults.

These parameters help identify abnormal
operating conditions associated with engine
components, batteries, cooling systems,
braking systems, and other critical
automobile subsystems. The quality and
relevance of the collected data directly
influence the accuracy of the predictive
maintenance model.

Data Preprocessing

Raw vehicle sensor data may contain
missing values, measurement errors, noise,
duplicate observations, and inconsistent
measurement scales. Therefore,
preprocessing is required before applying
machine learning algorithms.

The preprocessing stage includes:

1. Data cleaning: Identify and handle
missing values, duplicate records,
and invalid measurements.

2. Noise reduction: Apply appropriate
filtering techniques to reduce
unwanted sensor variations.

3. Feature scaling: Normalize or
standardize numerical variables
when required by the selected
algorithm.

4. Feature engineering: Calculate
useful indicators such as moving
averages, temperature variations,
vibration statistics, and changes in
battery voltage.

5. Data labelling: Where labelled
records are available, classify
observations as normal operating
conditions, abnormal conditions, or
component failures.

The dataset should be divided into training,
validation, and testing subsets. For time-
dependent vehicle data, chronological or
vehicle-wise splitting should be considered
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to avoid data leakage and provide a realistic
evaluation of the model's performance on
previously unseen observations.

Feature Selection and Extraction

Feature selection identifies
relevant  parameters  for

the most
predicting
automobile failures. Excessive or irrelevant

features may increase computational
complexity and reduce model
interpretability. Statistical analysis,

correlation analysis, feature-importance
scores, and domain knowledge can be used
to select informative variables. For
elevated coolant temperature

combined with abnormal engine vibration

example,

may indicate a developing mechanical or
cooling-system problem. Similarly, unusual
battery-voltage patterns may help identify
battery degradation or charging-system
faults. Feature extraction can also be
applied to time-series sensor data.
Statistical features such as mean, standard
deviation, minimum, maximum, and root
mean square (RMS) vibration can help
characterize the operating condition of
automobile components.

Machine Learning Model Development
The processed dataset is used to train
machine learning models that identify fault
patterns and  predict = maintenance
requirements. Different algorithms can be
selected according to the nature of the
problem and the available data.

Algorthm Applicaton n automoble maintenance
Decision Tree Provides interpretadle rles for faut casfcation

Rendom Forest i nanlinear rfaionshis and predicts component falures using muttpe deciion

fress.
SupportVector Maching (SVM) - Clssifes normel and fauty oerating condfons.

Atiicel Neural Network
AN

Leams comple relaionships amang sensor mezsurements and e paters.

(radient Boosting Supports fallure gk redicton and dlssfication of complex operating conditons.

Anomdly Detecion i unusual oerating patters when lebelled falure records are mited.

A suitable baseline model, such as a
Decision Tree or Logistic Regression
classifier, can first be developed. Its
performance can then be compared with
more advanced models, such as Random
Forest and Gradient Boosting. The final
model should be selected based on
predictive  performance,
requirements, interpretability, and
suitability for deployment in vehicles or
maintenance systems.

Predictive Maintenance Framework

The proposed predictive maintenance
system consists of five interconnected
stages:

computational

Stage 1 Vehicl Data Acquisition
Sensars, ECU, OBD-I, and historcal meintenance records

Stage & Data Preprocessing
Data claning, naise fitering, scaling,and fecture exraction

v

Stage 3: Machine Learning Model
Model training, faut esication, anomely detection, and falure-sk estmaton

!

Stage 4 Vehice Health Assessment
Normal condidion, weming condion, orhigh-ik condition

v

Stage 5 Maintenance Decision
Maintenance e, inspection scheefling, and component replacement planing

Figure 1. Proposed framework for
machine learning-based predictive
maintenance of automobiles.

The trained model processes new vehicle
and generates a fault
classification or failure-risk estimate. When
the estimated risk exceeds a predefined
threshold, the

measurements

system  generates a

Anveshana’s International Journal of Research in Engineering and Applied Sciences
EMAILID:anveshanaindia@gmail.com,WEBSITE:www.anveshanaindia.com
5


mailto:anveshanaindia@gmail.com
http://www.anveshanaindia.com/

RERF

AIJREAS

VOLUME 11, ISSUE 5 (2026, MAY)

(ISSN-2455-6300)ONLINE

Anveshana’s International Journal of Research in Engineering and Applied Sciences

maintenance alert. The threshold should be
determined using validation data and the
relative costs of missed failures and
unnecessary inspections. Safety-critical
warnings should continue to follow the
vehicle manufacturer's diagnostic and
safety procedures.

RESULTS AND DISCUSSIONS

The effectiveness of machine learning-
based predictive maintenance depends on
the quality of vehicle data, the selection of
appropriate algorithms, and the evaluation
methods used to measure predictive
performance. The proposed framework is
designed to identify abnormal vehicle
operating conditions, classify potential
faults, and generate timely maintenance
Actual
performance must be established through
experiments using a suitable automobile
dataset.

Fault Detection and Prediction

The proposed system can analyze vehicle
sensor parameters to identify deviations

recommendations. numerical

from normal operating conditions. Machine
learning models can learn relationships
between sensor measurements and
historical fault records, enabling early
detection of potential component failures.
For example, an increase in engine
temperature combined with abnormal
vibration may indicate a possible engine or
cooling-system  problem. Similarly,
persistent reductions in battery voltage may
indicate battery deterioration or a charging-
system issue. The model can use these
patterns to classify the vehicle's condition
and generate an alert when a sufficiently
high failure risk is detected.

Unlike conventional maintenance systems
that depend mainly on fixed service
intervals, predictive maintenance uses the
actual operating condition of the vehicle to
support maintenance decisions. However,

sensor abnormalities alone do not establish
the exact cause of a fault; further diagnostic
testing may be necessary.
Comparison of Machine
Algorithms

Different machine learning algorithms offer
different advantages for automobile fault

Learning

prediction. Their relative performance
should be established experimentally rather

than assumed in advance.
Algorithm ~ Potential advantages Limtations
Deision e Easy to interpret and implement

May overit raining data

Reguis more computatonal resources
then asimple a2

Rendom Forest - Handles complex relationshis and reduces the ris of
ovefting compared with an indvidua ree

WM Effctiveforcetan higfdimensionalcasficaton problems  Requires careul parameter uning and
saling

ANN (an leam complex nonlinear pattems (ffen requires more data and

computafiondl resouces

(radient  Can providestong preictve peromnance on strucured
Boosting  data

My requirecarefl tuning and clbraion

Random Forest and Gradient Boosting are
suitable candidates for evaluation on
structured vehicle sensor datasets. Neural
networks may be useful when large
volumes of time-series data are available.
Decision Trees can provide interpretable
decision rules that help maintenance
technicians  understand the  factors
contributing to a prediction.

The best-performing algorithm will depend
on the dataset, failure types, sensor
characteristics, and operating environment.
Consequently, model selection should be
based on validation and independent test
results.

Impact on Maintenance Efficiency

The implementation of  predictive
maintenance has the potential to improve
maintenance planning by identifying
components that require attention before a
breakdown occurs. Early warnings can
allow vehicle owners and fleet operators to
schedule inspections, arrange replacement
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parts, and service
interruptions.

The expected operational benefits include:

e Reduced unexpected breakdowns:

Early identification of developing

faults can support timely corrective

action.

reduce unplanned

e Lower maintenance expenditure:
Condition-based interventions may
reduce unnecessary servicing and
secondary damage, although the
actual depend  on
implementation costs.

e Improved vehicle availability:
Planned maintenance can reduce

savings

unexpected vehicle downtime.

e Enhanced safety: Timely detection
of certain component problems can
reduce exposure to mechanical
failures, provided that alerts are
accurate and acted upon.

e Improved fleet management:
Maintenance schedules can be
prioritized according to vehicle
condition and estimated failure risk.

These benefits should be quantified in
future experimental work by comparing the
proposed system with conventional
maintenance practices using measures such
as breakdown frequency, downtime,
maintenance expenditure, false-alarm rate,
and failure-detection lead time.
Challenges and Limitations

Despite its potential, machine learning-
based predictive maintenance faces several
practical challenges. One major issue is the
limited availability of high-quality datasets
containing sufficient examples of actual
component failures. Since failures occur
less frequently than normal operating
conditions, the dataset may be imbalanced,
affecting the model's ability to detect rare
but important events.

Variations in vehicle models, driving

road  quality,  weather,
component age, and maintenance history
can also influence model performance. A
model trained using one vehicle type may
not generalize effectively to another
without additional validation or adaptation.
Other  challenges
malfunction, missing data, cybersecurity
risks, privacy concerns, computational
limitations, and the need to integrate

conditions,

include sensor

predictive models with existing diagnostic
systems. Incorrect predictions can result in
unnecessary repairs or missed failures.
Therefore, regular model validation,
reliable sensor calibration, appropriate alert
thresholds, and technician oversight are
essential for practical deployment.

Overall, machine learning-based predictive
maintenance offers a promising foundation
for intelligent automobile servicing.
Nevertheless, its practical effectiveness
must be demonstrated using representative
datasets, rigorous testing, and real-world

operating conditions.

CONCLUSION
Machine learning-based predictive
maintenance represents an important

advancement in automobile maintenance
by shifting the focus from fixed
maintenance schedules and post-failure
repairs toward data-driven condition
monitoring and early fault prediction. By
integrating sensor data, onboard diagnostic
systems, historical maintenance records,
and machine learning algorithms, potential
component failures can be identified earlier,
enabling inspections and
maintenance interventions.

The methodology discussed in this article

timely

establishes a framework encompassing data
acquisition, preprocessing, feature
selection, model development,
performance evaluation, and maintenance
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decision-making. Algorithms such as
Decision Trees, Random Forest, Support
Vector Machines, Artificial Neural
Networks, and Gradient Boosting can be
investigated to determine their suitability
for different automobile fault prediction
tasks. The appropriate selection of
evaluation metrics, particularly recall,
precision, F1-score, and false-alarm rate, is
essential for assessing the reliability of
these models.

The proposed approach has the potential to
reduce unplanned vehicle downtime,
improve maintenance planning, optimize
servicing costs, and support vehicle safety.
However, successful  implementation
requires reliable datasets, accurate sensors,
effective handling of imbalanced data,
robust model validation, and integration
with  existing automobile diagnostic
systems. The framework presented here is a
proposed  methodology;  quantitative
improvements in predictive accuracy,
maintenance cost, and vehicle reliability
require experimental verification.
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