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Abstract

Design and implement an end-to-end system that (a) monitors vehicle health for predictive maintenance
and (b) profiles driving behavior for safety and eco-driving insights. The solution combines on-board
sensing (OBD-II/CAN + smartphone IMU/GPS), a streaming data pipeline, and ML models for anomaly
detection, remaining-useful-life (RUL) prediction, and driver scoring. Includes privacy-first architecture
and deploys to mobile/edge with optional cloud.
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1. Introduction

The rapid advancement of intelligent transportation systems (ITS) and connected vehicle technologies has
significantly transformed the automotive industry. Modern vehicles are increasingly equipped with em-
bedded sensors, electronic control units (ECUs), and onboard diagnostic (OBD-II) interfaces that generate
large volumes of real-time operational data. However, conventional vehicle monitoring systems primarily
rely on threshold-based alerts and periodic manual inspections, which are often insufficient for detecting
complex faults or predicting component failures in advance.

With the emergence of machine learning (ML) and data-driven analytics, it is now possible to extract
meaningful insights from high-dimensional vehicular data streams. ML algorithms can identify hidden
patterns, detect anomalies, and forecast potential failures based on historical and real-time data. This shift
from reactive maintenance to predictive maintenance improves vehicle reliability, reduces downtime, en-
hances safety, and optimizes operational efficiency—particularly in fleet management and commercial
transportation systems.

Despite these advancements, several challenges remain, including heterogeneous sensor integration, high-
frequency data processing, secure data transmission, scalability, and model generalization across different
vehicle platforms. Addressing these challenges requires a robust architecture that combines IoT-based
data acquisition, cloud or edge computing infrastructure, and advanced machine learning models capable
of handling time-series and anomaly detection tasks.

This paper proposes a Next-Generation Vehicle Monitoring System powered by Machine Learning ana-
lytics, designed to provide real-time telemetry monitoring, predictive diagnostics, and intelligent alert
mechanisms. The system integrates distributed sensing modules with a cloud-based analytics framework
to enable automated fault detection and performance optimization. The proposed solution aims to enhance
transportation safety, reduce maintenance costs, and support intelligent decision-making in modern mo-
bility ecosystems.
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The remainder of this paper is organized as follows: Section II discusses related work, Section III presents
the system architecture and methodology, Section IV describes the experimental setup and results, and
Section V concludes the paper with future research directions.

2. Methods

This section describes the proposed methodology for the Machine Learning—based Vehicle Monitoring

System, including system architecture, data acquisition, preprocessing, model development, and

deployment strategy.

2.1 System Architecture

The proposed system follows a multi-layered architecture consisting of:

1. Data Acquisition Layer — Collects real-time vehicle telemetry through IoT sensors and OBD-II
interfaces.

2. Communication Layer — Transmits data securely via GSM/LTE/Wi-Fi using MQTT or HTTP
protocols.

3. Data Processing Layer — Performs preprocessing, feature extraction, and normalization.

4. Analytics Layer — Applies machine learning algorithms for anomaly detection and predictive
maintenance.

5. Application Layer — Provides dashboards, alerts, and performance reports to users.

The architecture supports both cloud-based and edge-based processing to reduce latency and enhance

scalability.

3. Methods

This section describes the proposed methodology for the Machine Learning—based Vehicle Monitoring

System, including system architecture, data acquisition, preprocessing, model development, and

deployment strategy.

3.1 System Architecture

The proposed system follows a multi-layered architecture consisting of:

1. Data Acquisition Layer — Collects real-time vehicle telemetry through IoT sensors and OBD-II
interfaces.

2. Communication Layer — Transmits data securely via GSM/LTE/Wi-F1 using MQTT or HTTP
protocols.

3. Data Processing Layer — Performs preprocessing, feature extraction, and normalization.

4. Analytics Layer — Applies machine learning algorithms for anomaly detection and predictive
maintenance.

5. Application Layer — Provides dashboards, alerts, and performance reports to users.

The architecture supports both cloud-based and edge-based processing to reduce latency and enhance

scalability.

3.2 Data Acquisition

Vehicle parameters are collected using onboard sensors and OBD-II modules. The monitored parameters

include:

o Engine temperature

o Fuel consumption rate

e RPM (Revolutions Per Minute)
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e Vehicle speed

o Battery voltage

e Vibration and acceleration

e GPS location

Data are sampled at predefined intervals and transmitted to a centralized database for storage and further

analysis.

3.3 Data Preprocessing

Raw sensor data often contain noise, missing values, and inconsistencies. The following preprocessing

steps are applied:

o Data Cleaning: Removal of corrupted or incomplete records

e Noise Filtering: Application of moving average and low-pass filters

e Normalization: Min-max scaling to standardize feature ranges

o Feature Engineering: Extraction of statistical features (mean, variance, kurtosis, frequency-domain
features)

o Time-Series Segmentation: Window-based segmentation for sequential modeling

These steps ensure high-quality input data for model training and inference.

3.4 Machine Learning Models

The system integrates multiple machine learning techniques depending on the task:

A. Fault Classification

Supervised learning algorithms are used to classify known vehicle faults:

e Random Forest (RF)

e Support Vector Machine (SVM)

e Gradient Boosting

B. Predictive Maintenance

Time-series forecasting models are employed to predict component degradation:

e Long Short-Term Memory (LSTM) networks

e Gated Recurrent Units (GRU)

C. Anomaly Detection

Unsupervised techniques identify abnormal behavior:

e Isolation Forest

e Autoencoders

o Statistical threshold-based hybrid methods

Model performance is evaluated using metrics such as Accuracy, Precision, Recall, F1-score, Mean

Absolute Error (MAE), and Root Mean Square Error (RMSE).

3.5 Model Training and Validation

The dataset is divided into training (70%), validation (15%), and testing (15%) subsets. Cross-validation

techniques are applied to prevent overfitting. Hyperparameter tuning is performed using grid search and

Bayesian optimization to improve model generalization.

3.6 Deployment and Alert Mechanism

The trained models are deployed on a cloud server or edge device for real-time inference. When abnormal

behavior or potential failure is detected:

o Automated alerts are sent via SMS/email/mobile app notifications.

e Dashboard visualizations update dynamically.
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e Maintenance recommendations are generated based on predicted risk levels.

3.7 Security and Data Privacy

To ensure secure data handling:

e End-to-end encryption (TLS/SSL) is implemented.

o Authentication mechanisms restrict unauthorized access.

o Data anonymization techniques are applied for fleet-level analytics.

The proposed methodology ensures accurate fault detection, real-time monitoring, and scalable
deployment across diverse vehicular platforms, supporting intelligent transportation and predictive
maintenance applications.

Data Flow Diagram

System Architecture (High Level)

This section presents the formal architectural design of the proposed Machine Learning—Based Vehicle
Monitoring System. The architecture follows a layered, service-oriented paradigm to ensure modularity,
scalability, interoperability, and fault tolerance. The system is designed to support real-time telemetry
acquisition, distributed processing, and predictive analytics within intelligent transportation environments.
A. Architectural Overview

The proposed system adopts a five-layer architecture consisting of:

Sensing Layer

Communication Layer

Data Management Layer

Analytics Layer

Application Layer

A cross-cutting Security and Access Control Framework is integrated across all layers to ensure
confidentiality, integrity, and availability of data.

B. Sensing Layer

The Sensing Layer is responsible for real-time vehicular data acquisition. It comprises embedded sensors
and onboard diagnostic interfaces integrated with the vehicle’s Electronic Control Unit (ECU). The system
collects high-frequency telemetry parameters, including engine temperature, rotational speed (RPM), fuel
consumption rate, vibration signatures, battery voltage, and geospatial coordinates.
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Data acquisition is performed through standardized OBD-II protocols. Sensor signals are digitized and

temporarily buffered using an edge gateway before transmission. This layer ensures synchronized

sampling and timestamp alignment to support time-series modeling.

C. Communication Layer

The Communication Layer facilitates reliable and secure data transmission between the vehicle (edge

node) and the cloud infrastructure. Lightweight messaging protocols such as MQTT and HTTP over

TLS/SSL are employed to minimize bandwidth consumption while ensuring encrypted communication.

The system supports multiple network interfaces, including LTE/5G and Wi-Fi, enabling adaptive

connectivity in dynamic vehicular environments. Data packets are serialized in JSON format and

transmitted to the cloud ingestion service using publish—subscribe mechanisms.

D. Data Management Layer

The Data Management Layer is responsible for data ingestion, preprocessing, storage, and lifecycle

management.

1. Data Ingestion Engine: Handles real-time streaming data and validates incoming telemetry packets.

2. Preprocessing Module: Performs noise filtering, missing value imputation, normalization (Min—Max
scaling), and feature extraction. Time-window segmentation is applied for sequential analysis.

3. Storage Subsystem:

Implements a hybrid database architecture:

Relational database for structured metadata

NoSQL/time-series database for high-frequency telemetry data

This layered storage approach ensures efficient query performance and horizontal scalability.

E. Analytics Layer

The Analytics Layer constitutes the core intelligence of the system. It integrates supervised and

unsupervised machine learning models for fault diagnosis and predictive maintenance.

1. Fault Classification Module: Implements ensemble-based classifiers such as Random Forest and
Support Vector Machines for multi-class fault detection.

2. Predictive Maintenance Module: Employs recurrent neural networks, particularly Long Short-Term
Memory (LSTM) architectures, to estimate Remaining Useful Life (RUL) of vehicle components.

3. Anomaly Detection Module: Utilizes Isolation Forest and Autoencoder-based deep learning models
to identify deviations from normal operating conditions.

Model training is performed offline using historical datasets, while inference is executed in real time

through a RESTful API-based deployment service.

F. Application Layer

The Application Layer provides user interaction and decision-support functionalities. It includes:

Real-time monitoring dashboard

Predictive maintenance visualization

Automated alert generation (SMS, email, mobile push notifications)

Fleet-level performance analytics

The system employs role-based access control (RBAC) to differentiate permissions among vehicle

owners, fleet managers, and maintenance personnel.

G. Security and Reliability Framework

Security mechanisms are implemented across all architectural layers:

End-to-end encryption (TLS 1.3)
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Token-based authentication (OAuth 2.0)

Secure API gateways

Data anonymization for fleet-level aggregation

Additionally, redundancy and load-balancing mechanisms are deployed within the cloud infrastructure to
ensure high availability and fault tolerance.

H. Architectural Properties

The proposed architecture demonstrates the following characteristics:

Scalability: Horizontal scaling through cloud-native microservices

Interoperability: Standardized communication protocols

Low Latency: Edge-assisted preprocessing

Reliability: Distributed storage and failover mechanisms

Extensibility: Modular design for integration of future ML models

The formal architectural framework ensures efficient real-time monitoring, accurate predictive
diagnostics, and secure data handling, thereby supporting next-generation intelligent vehicle ecosystems.

Algorithms Implemented

This section describes the machine learning and signal-processing algorithms implemented in the
proposed Vehicle Monitoring System. The algorithms are categorized based on functional objectives: fault
classification, predictive maintenance, anomaly detection, and preprocessing.

1. Supervised Learning Algorithms (Fault Classification)

A. Random Forest (RF)

Random Forest Simplified

Instance
Random Forest

Tree-n

Class-A Class-B Class-B

l Majority-Voting ; I

'Final-Class
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Random KForest
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Random KForest

EER
Decision Tree-1 Decision Tree-2 Decision Tree-N
Result-1 Result-2 Result-N
L»{ Majority Voting / Averaging

Final Result

Random Forest is an ensemble learning algorithm that constructs multiple decision trees during training
and outputs the mode of class predictions.

Purpose in System:

e Multi-class fault diagnosis

e Robust classification with reduced overfitting

Mathematical Concept:

Given input feature vector ( X ), the final prediction is:

[

\hat{y} = \text{mode}{T 1(X), T 2(X), ..., T n(X)}
]

where ( T 1) represents individual decision trees.
Advantages:

o Handles high-dimensional data
o Resistant to noise
e Good generalization performance
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B. Support Vector Machine (SVM)
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SVM is a discriminative classifier that finds the optimal hyperplane maximizing the margin between
classes.
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Purpose in System:
e Binary and multi-class fault detection
e High-accuracy classification in structured datasets

Optimization Objective:

[

\min \frac{1} {2} |[w|["2

]

Subject to:

[

y_i(w \cdot x_i+b) \geq 1

]

Advantages:

o Effective in high-dimensional spaces
o Works well with limited samples

2. Deep Learning Algorithm (Predictive Maintenance)
Long Short-Term Memory (LSTM)
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IJFMR

LSTM is a Recurrent Neural Network (RNN) architecture designed to model sequential and time-series
data.
Purpose in System:

Remaining Useful Life (RUL) estimation
Time-series forecasting of component degradation

Core Components:

Forget Gate
Input Gate
Output Gate
Cell State

Advantages:

Captures long-term dependencies
Suitable for high-frequency telemetry data

3. Unsupervised Learning (Anomaly Detection)
A. Isolation Forest

Generated Data Sets

Isolation Forest isolates anomalies instead of profiling normal data points.
Purpose in System:

e Detect abnormal vehicle behavior

o Identify rare fault conditions

IJFMR260169526 Volume 8, Issue 1, January-February 2026 11



http://www.ijfmr.com/

~ Y International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijffmr.com e Email: editor@ijfmr.com
Concept:

Anomalies require fewer splits in random partitioning trees, resulting in shorter path lengths.
Advantages:

o Computationally efficient
e Suitable for large datasets
B. Autoencoder

Input layer Hidden layer Output layer

“bottleneck”

Deep Autoencoder

Encoding DBN Decoding DBN
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An Autoencoder is a neural network trained to reconstruct input data.
Purpose in System:

e Detect deviations from normal operating patterns
Working Principle:

e Train on normal data

o Compute reconstruction error

o High reconstruction error — anomaly

Loss Function:

[

L =X - \hat{X}||"2

]
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4. Data Preprocessing Algorithms
A. Moving Average Filter

Used for noise reduction in time-series signals.

[
y_t=\frac{l}{n} \sum {i=0}"{n-1} x_{t-i}

]

B. Min—Max Normalization

[
XV
]

C. Feature Extraction

5. Model Evaluation Metrics
Accuracy

Precision

Recall

F1-Score

RMSE (Root Mean Square Error)
MAE (Mean Absolute Error)

Summary of Implemented Algorithms

\frac{X - X {min}}{X {max}-X {min}}

Statistical features (mean, variance, skewness)
Frequency-domain features (FFT-based spectral energy)

Category Algorithm Purpose

Supervised  |Random Forest|Fault Classification
Supervised SVM Fault Detection

Deep Learning| LSTM Predictive Maintenance

Unsupervised |Isolation Forest

Anomaly Detection

Deep Learning| Autoencoder

Abnormal Pattern Detection

The integration of ensemble learning, deep learning, and anomaly detection techniques ensures robust,
scalable, and accurate vehicle health monitoring within dynamic operating environments.

Progress Over Trips: Safety & Efficiency Impact

Value

nts per Trip {avg)

Energy Savings (%)

" " i A
6 7 8 9

B 10
Trip Number
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Results:
The evaluation of the Next-Gen Vehicle Monitoring System with ML-Powered Analytics was
performed on a pilot dataset consisting of 150 driving hours across 5 vehicles. The dataset included both
healthy operation and induced anomalies (e.g., sensor offsets, simulated component wear) as well as
labelled driving behaviour events.

1. Vehicle Health Monitoring Results
Fault Classification Performance

. Accuracy .. F1- Training Time|Inference Time
Algorithm %) Precision [Recall Score  |(s) (ms)
Random Forest  (96.8 0.97 0.96 0.96 18.4 12
M RBF
SV ( 94.5 0.95 0.94 10.94 25.7 15
Kernel)
Gradient Boosting (95.9 0.96 0.95 10.95 32.1 18

Key Insight: Random Forest achieved the highest classification accuracy with lower inference latency,
making it suitable for real-time deployment.

B. Predictive Maintenance

2 . . . T .
Model RMSE|MAE R Training Time Prediction Latency Model
Score |(S) (ms)

LSTM 0.042 |0.0311]0.94 145.6 25 LSTM
GRU 0.048 10.03610.91 118.2 20 GRU
Li Li

meat 0.089 [0.072/0.76 5.3 5 meat
Regression Regression

LSTM outperformed other models in capturing long-term temporal
prediction error and higher R? values.

C. Anomaly Detection Performance

dependencies, yielding lower

Aloorithm Detection False Positive Precision Processing Alsorithm Detection
g Rate (%) |Rate (%) Time (ms) g Rate (%)

Isolation Forest |93.7 4.8 0.92 10 Isolation Forest|{93.7

Autoencoder [95.4 39 0.94 22 Autoencoder |95.4

Statistical Statistical

Threshold 85.6 12.3 0.83 6 Threshold 856

Performance Analysis

o Ensemble methods demonstrated strong robustness to noisy telemetry data.
e Deep learning models provided superior predictive accuracy but required higher computational

resources.

o Unsupervised anomaly detection significantly reduced unexpected breakdown incidents compared to
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threshold-based systems.
e The system achieved an overall prediction accuracy exceeding 95%, validating its suitability for real-
time intelligent vehicle monitoring applications.

Metric Value | Target Status

On-device inference latency | 145 ms | <200 ms Achieved
Model size (after quant.) 42MB | <5MB Achieved
App battery drain 3.5%/hr | < 5%/hr Achieved
Streaming uptime 99.3% | >99% Achieved

Summary of Results

e The system achieved >95% overall accuracy across tasks, demonstrating robustness in heterogeneous
vehicular environments.

e Real-time inference is feasible with low latency (<25 ms for most models), enabling immediate alerts.

e Integration of supervised, unsupervised, and deep learning algorithms ensures comprehensive
monitoring: fault detection, predictive maintenance, and anomaly detection.
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