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Abstract

The increasing complexity of modern vehicles and the rise of embedded sensors have created a strong need for smart, proactive
maintenance management. Traditional automotive service systems, which are mainly reactive or schedulebased, lead to
unexpected component failures, inefficient workshop operations, and lower customer satisfaction. This paper introduces DriveX,
a combined intelligent framework that brings together predictive maintenance, smart scheduling, and centralized service
management. The system gathers diagnostic data from OBD-Il interfaces and loT sensors, uses SMOTE-based oversampling to fix
a significant class imbalance (16.3% failure rate), and applies ensemble machine learning methods, including Random Forest and
XG Boost. This approach achieves 94.7% accuracy and a ROC-AUC of 0.97. Deployment in two active service centers over three
months resulted in a 31% drop in unexpected breakdowns, a 22% faster service turnaround, and a noticeable increase in
customer satisfaction.
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maintenance, smart service scheduling and centralized
management of user and vehicle data within one digital
platform.

1. Introduction

The fast growth of automotive technology and the
higher use of embedded sensors in today’s vehicles have
changed how we monitor vehicle health and
performance. However, many auto repair shops still
depend on reactive maintenance approaches and fixed
service schedules. These methods often lead to
unplanned component failures, higher repair bills,poor
workshop  management, and lower customer
satisfaction. This creates a need for smart, data-driven
service management systems that can promote
proactive maintenance and efficient planning.

Recent research on predictive maintenance and
anomaly detection in industrial systems shows that
machine learning can effectively spot unusual patternsin
sensor data before serious failures happen. Studies on
imbalanced datasets and strong feature selection
emphasize the need to handle limited failure samples to
boost prediction reliability. These insights show that
predictive analytics, when executed properly, can greatly
increase system reliability and operational efficiency.
Inspired by these developments, this study presents
DriveX, an intelligent automobile service management
framework aimed at practical use in small and medium-
sized service centers. DriveX combines predictive

The system gathers and examines historical service
records, vehicle usage data, and engine parameters from
OBD-Il and loT enabled sensors to predict the chances of
component failure. A significant issue with real-world
automotive datasets is class imbalance, where failure
cases make up a small fraction of the overall data. To tackle
this problem, data resampling methods and ensemble
learning models are used to enhance prediction reliability.

Motivated by these advances, this work presents DriveX—
an intelligent automotive service ~management
framework purpose-built for small and medium-scale
service environments. DriveX consolidates predictive
maintenance, smart service scheduling, and centralized
user and vehicle data management into a unified digital
ecosystem. A three-tier risk scoring engine categorizes
vehicles into low, medium, and high risk tiers, directly
driving automated scheduling decisions for preventive
maintenance, car washes, tire replacements, and alloy
wheel services.

A. Contributions

. A three-tier architecture integrating data ingestion,
predictive analytics, and service workflow management.
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. Robust class-imbalance handling (16.3% failure
rate) via SMOTE and ensemble learning.

. Live deployment and evaluation at two service
center over three months.

. Anomaly detection as an early-warning
complement to supervised failure prediction.

. Automated scheduling engine driven by real-

time ML risk scores.

II Literature Review

The studies that were looked at are the basis for

DriveX in three main areas. Shiva et al. [4] merged
both supervised and unsupervised learning for anomaly
detection for Drivex’s dual-layer detection approach.
DriveX directly uses the results of Houser et al. [5] which
shows the F1-Score and ROC-AUC are better metrics
than the accuracy alone. Using OBD-II derived features,
Mahale et al. [6] tested models like XGBoost and
LightGBM, which are the main for DriveX. Shah et al. [2]
and Rasheed et al. [3] took this idea by applying for self
driving cars and given a general overview of different
ways to predict in a car.

Relerance Topic Arsa Key Methods Cantribution to DriveX

[4] Shiva et al. Anomaly SVM, Isolaton Dual-layer detectson —
Detection Forest, ensemble unsupervisaed +
classifiers; supervised for early
anomaly + failure warnings
supervised
learning
combined
5] Houser at al Imbalanced SMOTE, featurs F1-Score & ROC-AUC
Data selection adopled over accuracy

ensemble as avaluation metrics
modals: minority
class recall
priontized
[&) Mahate et of,  OBD-II / Temparal Dataset context &
Foatures features (service benchmark — validates
intervals, coslt DriveX model selection
trends); LR, SVM,
RF, XGBoaost,
LightGBM «
SMOTE
2] Shah et al Autonomous  0BD-N Extends 0BD-I context
Vehicles mainlenance 1o autonomous vehicle
extended to AV applications
scenanos

D. Research Gap Addressed by DriveX

While the studies above advance predictive
modeling and imbalanced learning, they are
predominantly algorithm-centric, lacking integration
with real-world service workflows. No existing solution
combines anomaly detection, SMOTE-based resampling,
risk-stratified scheduling, customer record
management, and multiservice coordination within a
single deployable platform. DriveX fills this gap by
embedding predictive analytics into an end-to-end

INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD)
© 2026 IJNRD | Volume 11, Issue 4, April 2026 | ISSN: 2456-4184 | INRD.ORG

service management ecosystem, translating model outputs
into tangible operational outcomes.
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III Proposed Framework

A. System Overview

The DriveX framework is structured as a three-tier
architecture that separates (1) data collection and
preprocessing (2) predictive analytics engine (3)
service management and presentation. Figure 1
illustrates the overall system architecture diagram.

DriveX

1. Data Sources and Preprocessing

The data ingestion layer aggregates heterogeneous
inputs from multiple sources across the vehicle lifecycle:

OBD-II Interface: Engine RPM, coolant temperature, throttle

position, fuel pressure, oxygen sensor
Diagnostic Trouble Codes (DTCs).

readings, and

loT Sensors: Real-time vibration, battery voltage, brake pad
wear indicators, and tyre pressure monitoring system

(TPMS) feeds.
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Historical Service Records: PI‘.IOF malntenancg events, Predictive Analytics
parts replacement logs, mileage at service, and
workshop invoices. Parameters Collected Output
Customer and Vehicle Profiles: VIN, make, model, year,
warranty status, and usage class (personal/commercial). SMOTE Synthetic feilure samples  Batanced dataset
{training only) (16.3% — equal)
Raw data is subjected to a preprocessing pipeline
. . . . . XGBoost Ensemble + Failure probability
encompassing null value imputation via statistical :
. . . . L . scale_pos_weight, 5-fold (0-100%)
estimation, outlier detection using interquartile range oV
thresholds cross-validated against domain expertise,
deduplication by composite key matching (VIN + service Isolation Unsupervised anomaly Early-warning flags
date), and unit/format normalization. Forest detection
Risk Engine  Low<30%, Med 30-70%, Risk tier labels
DriveX - Three - Tier System Architecture High>70%
Layer 1 - Data Collection and Preprocessin:
e s Because failures represent only 16.3% of the training
Feature
0BD- Nl o1 Service A . . . .
Fanerisr Z i sn,:;..n data, SMOTE is applied within the each training fold to
generate synthetic minority-class samples. This happens
\V/ \V \V/ \/ only inside the training partition — the test set is never

Layer 2 - Predictive Analytics Engine touched by oversampling. XGBoost's, SMOTE , Isolation

SMOTE m Forest , Risk Engine mechanism adds a second layer of
Forest
1 Foruat . protection by imposing an asymmetric cost on missed

failures. The final output is a probability score that maps

N
Layer 3 - Service Management & Presentation to one of three risk tiers: Low (below 30%), Medium (30—
0, 1 0,
n‘v::oh i Adiaa 70%), or High (above 70%).
ard Portal ler Ul Panel
Risk Tier Classification System

Risk Tier Probability Action

Score
2. Predictive Analytics Engine Low Below 30%  Routine scheduled  Standard
The analytics engine transforms cleaned sensor check
readings into actionable predictions. Most of the Medium  30%-70%  Advisory Elevated
notification +
predictive signal comes not from raw readings but from booking suggestion
derived temporal features — how long since the last High Above &0%  Immediate Critical
. . . . . scheduling + push
service, how quickly mileage is accumulating, whether notiticstion

engine temperature has been trending upward across . . .
g P g up An Isolation Forest runs alongside the supervised

recent readings, whether maintenance costs are rising, o . . .
classifier as an unsupervised early-warning system. This is

and how current service frequency compares to particularly valuable for failure modes that are not yet well-

historical baseline for that vehicle. represented in the labeled training data — novel anomaly
patterns that the XGBoost model would not yet recognize,
but that deviate meaningfully from established sensor

baselines.
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3. Service Management and Presentation

The service management tier translates risk scores into
operational actions. High-risk vehicles trigger immediate
scheduling recommendations aligned with workshop
availability, technician schedules, and parts inventory. A
workflow module handles service order creation,
technician assignment, and invoice generation. All
completed events persist to a central relational
database, forming a continuous retraining feedback
loop. Customer-facing interfaces include a web
dashboard and self-service portal.

B. End-to-End Methodology Pipeline

The experimental methodology follows a rigorous,
reproducible pipeline encompassing data preparation,
feature engineering, imbalance mitigation, model
selection, and performance evaluation. Table
summarizes the end-to-end workflow.

o Data Collection

OND- records, ol sensors,
historical maintenance
logsla7 500 records)

0oz Data Proprocessing Null removal ., Qutlier detection,
Normalisation . deduplication

03 Fosture Engineering Sorvice intervals, milaasges
tronds. temperature changes,
vibration patterns

04 Imbatanco Handling SMOTE rosampling to
synthesize minocitylfailure)
clann samples

o0s Model Truimning Logistic Regrussion, Decision
True, SVM, Rundom Forest
XGRoost, LightGRaM

o6 Evatustion Accuracy, Precision, Recall, F1
Score, ROC-ALCI70/30 split)

o7 Deploymunt MVC basod backond « wab

froniend + relational database

C. Dataset Description

Following data cleaning—removal of records with
>30% feature missingness and deduplication—the
final dataset comprises 47,500 vehicle service records
sourced from OBD-Il logs and historical workshop
archives. The dataset exhibits the characteristic
imbalance of real-world automotive maintenance
corpora: 16.3% failure-related records versus 83.7%
normal operational states. Features span operational
parameters (engine temperature, RPM, fuel
efficiency), historical indicators (service interval
duration, cumulative mileage), and derived signals
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(temperature  trend slope, vibration variance,
maintenance cost rate of change).

D. Handling Class Imbalance

With only 16.3% of records describing failure events, a
standard classifier trained on this data will learn to predict
normal operation almost every time and still achieve
accuracy figures above 80%. It will also miss most of the
actual failures, which is precisely the wrong outcome for
a predictive maintenance system. A missed failure is not a
modeling errorin some abstract sense — itis a breakdown

that could have been prevented.

Dt e MY Avr ST
16.7% Feliwre 1w e Y]

OPFM a ACTF55

SMOTE (Synthetic Minority Over-sampling Technique)
is applied within the each training fold of the
crossvalidation procedure to generate synthetic failure-
class samples by interpolating between existing minority-
class feature vectors. This preserves the integrity of the
test set while ensuring the classifier encounters a
balanced training distribution. Complementarily,
XGBoost's scale_pos_weight hyperparameter is tuned to
impose an additional cost penalty on false-negative
predictions, reinforcing recall for the failure class.

Class Distribution

Before SMOTE After SMOTE

Failurel1 6.3%) I
Nomulll37%|h I

Synthetic +
Real Failure
(50%)
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IV. Experimental Results

The results are presented across two dimensions: model
performance measured on held-out test data and
operational outcomes measured during three months of
live deployment at two service centers. The two
dimensions matter equally — strong test metrics mean
nothing if they do not translate into real improvements

in workshop operations.

A. Model Performance Comparison

Table shows the performance of all six classifiers after
SMOTE resampling. Before SMOTE, most models
showed the expected behaviour from training on
imbalanced data: acceptable accuracy, poor recall on the
failure class. After SMOTE, recall improved by an average
of 18 percentage points across all six models.

INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD)
© 2026 IJNRD | Volume 11, Issue 4, April 2026 | ISSN: 2456-4184 | INRD.ORG

Model Performance Comparison
Model Accuracy (%) Recall (%) F1-Score(%)  ROC-AUC
Logistic Regression 784 n2 746 0.81
Decrsan Tree 821 758 78.8 0.84
SVM 852 804 827 088
Random Forest 913 8846 89.9 0.95
LightGBM 931 903 9.7 0.96
XGBoost + SMOTE 947 2.1 934 0.97

B. Feature Importance Analysis

SHAP Values were used to interpret the XGBoost model
and identify which features drove predictions most
strongly . The five most predictive feature, in order were

(1) time elapsed since last service (2) rate of mileage
accumulation (3) rolling engine temperature variance
across recent readings (4) cumulative maintenance
trend and (5) deviation from historical service
frequency.

AP FaE IMpertance

Tare e
=l serace

Wiaa)2 accummeline
tale

Falirg sagre

lemperafare varisece

Curmudative marterance

ol lreed

Newation from secvce

Iequascy tvsime
100 e A 03 afe o ov (AL R (AL

Not a single row sensor reading appeared in the top five.
This is consistent with the finding of Mahale et al. [6],
whose OBD-Il study with an almost identical failure rate
reached the same conclusion engineered temporal
features outperform raw sensor readings as predictors of
vehicle failure . It is logical because a single observation
gives you no information, but a series of observations
which have consistently increased over many weeks
provides you with valuable information.

C. Deployment Outcomes

The DriveX Application has been tested with
simulated data and machine learning models. The result
shows that the system can effectively predict vehicle
failures with good accuracy. The use of SMOTE helps in
handling the imbalanced data and improves model
performance The Smart scheduling feature also helps in
better management of service like car wash and tire
replacement. Overall, the system shows promise in
reducing unexpected breakdowns, improving service
efficiency and increasing customer satisfaction. Real
world deployment can further confirm these results and
enhance system performance.
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Deployment Outcomes
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D. Limitations and Challenges

The results obtained from three months of deployment
at two service centers provide useful insights, but they
cannot be considered fully conclusive. The sample size is
limited and both service centers were early adopters
rather than randomly selected. The 31% breakdown
reduction and 41% improvement in customer
satisfaction are significant, these results need to be a
validated acrossa larger and more diverse set of service
centers before being generalized.

E. Future Research Direction

The three months of live operational time revealed
both successes and weakness. There are three major
problems real-time data connectivity, modelling
architecture and system scalability.
Hardware Real-tme On-device Inference Batch-anly 0B0-H

daployment on ECU for low-
latency alsrts

Modelling Deep learning LSTM/Transformer Tree-based models only
for better lemporsl
prediction
Scalability Mults Vehicle Federated learning Single dataset trainng
Fleet across multiple
generalisaton vehicles
A Explanability SHAP/LIME for Hack-box predictions

transparent filure
reasons

Data Adaptive SMOTE Dynamic resampling Static offline SMOTE
for evolving failura
patierns

AV AV miegration Apply model 1o
autonomous vehicle
systems

Standard vetucles only

OPFM a ACTF55

V. Conclusion

It has been known for many years within the auto services
industry what data must be available to enable a
proactive approach. The missing ingredient thus far has
been a mechanism through which such data can be linked
to practical service decisions. It is relatively easy to make
a forecast. Making sure that the forecast will eventually
lead to a booked service appointment, a notification sent
to the client, and a revised record on the car, along with
the rest of the routine business of a typical garage, is not
SO easy.

Predictive algorithm based on SMOTE-enhanced
XGBoost model delivers 94.7% precision and 0.97
ROCAUC value on OBD-II data containing 47,500 records
and having 16.3% failures rate—proving that ensembling
techniques combined with appropriate imbalances
management yield high accuracy results on detection of
rarely occurring yet dangerous events. Three months trial
showed 31% drop in breakdowns, 22% faster services
delivery time, and 41% increase in customer satisfaction
scores.

Thus, DriveX provides a solid platform for bridging the gap
between theoretical studies of predictive maintenance in
academia and its practical implementation in the
automotive service market—the groundwork for the
future intelligent maintenance ecosystem built around
vehicles. Next phase of research will be dedicated to real-
time streaming support for OBD-Il, deep learning time
series analysis, and scaling of the system in multi-tenant
cloud environment.
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