© 2025 IJRTI | Volume 10, Issue 5 May 2025 | ISSN: 2456-3315

Real-Time Classification of Driving Behavior for
Fuel Efficiency Optimization Using Machine
Learning

1Shantaraddy, 2Yash Sharma, 3Indushree L, *Dr. Manjunath T K

! Student, 2 Student, Student, Student, “Professor & HOD
!Department of Al&DS, *Department of Al&DS, ?Department of Al&DS, ® Department of AI&DS, * Department of AI&DS
K. S. School of Engineering and Management, Bengaluru, India
lsshanthreddy@gmail.com, 2yash4noww@gmail.com, 3indushri302003@gmail.com,
‘manjunathtk@kssem.edu.in

Abstract— This study explores the application of machine learning techniques in optimizing driving behavior for improved fuel
efficiency and road safety. By utilizing OBD-Il data and real-time driving behavior classification, the proposed system leverages
machine learning algorithms such as Random Forest, SVM, and deep learning methods to analyze and predict driving patterns. The
integration of real-time feedback mechanisms, including attention-based monitoring and Explainable Al, provides personalized insights
to help drivers adopt fuel-efficient and safer driving habits. The research highlights the potential of combining clustering techniques,
energy estimation models, and event detection to enhance energy management and safety applications. Results demonstrate a
significant reduction in aggressive driving tendencies and fuel consumption, emphasizing the effectiveness of predictive analytics in
transportation systems. Future work will focus on expanding datasets, enhancing classification accuracy with deep learning, and
implementing these models in Advanced Driver Assistance Systems (ADAS) for broader impact. The findings suggest that Al-driven
solutions can play a pivotal role in creating sustainable, data-driven transportation systems that benefit both drivers and the
environment.

Index Terms— Driving Behavior, Machine Learning, Fuel Efficiency, Real-time Feedback, Predictive Analytics.
|I. INTRODUCTION

Understanding and analysing driving patterns has become increasingly critical in the era of intelligent transportation systems
(ITS), where efficiency, safety, and sustainability are at the forefront of research and development. With rapid advancements in
machine learning, artificial intelligence (Al), and vehicular telematics, the ability to recognize and classify driving behavior has
opened new possibilities for energy-efficient routing, enhanced driver monitoring, and the overall improvement of road safety.

Traditional models used for estimating wvehicle fuel consumption, such as the Vehicle Specific Power (VSP) and
Comprehensive Modal Emission Model (CMEM), offered broad estimations based on predefined conditions. However, these
models lack the flexibility to adapt to real-time variables such as traffic, weather, and individual driver behavior. In contrast,
the integration of machine learning algorithms has enabled more dynamic and accurate pattern recognition by leveraging high-
resolution sensor data, vehicle kinematics, and on-board diagnostics (OBD) inputs.

Recent studies have shown that real-time driving pattern analysis can play a pivotal role in reducing fuel consumption and
improving road safety. For example, classifying drivers into behavioural categories—such as Normal, Aggressive, and Eco-
friendly—based on OBD data enables better driver feedback, predictive safety measures, and customized fuel-saving
recommendations. Aggressive driving behaviors, such as harsh acceleration and sudden braking, not only lead to increased fuel
usage but are also associated with a higher risk of road accidents.

Moreover, the emergence of loT-enabled vehicle telematics and cloud computing has empowered Al-driven systems to provide
real-time insights into driving performance. By analyzing engine control unit (ECU) data, environmental variables, and
behavioral cues, these systems can adapt dynamically, offering accurate predictions and feedback for optimizing fuel
consumption. Some studies have reported fuel savings exceeding 15% when using Al-based systems, showcasing their real-
world potential.

This review paper synthesizes methodologies and findings from three recent studies focused on driving pattern recognition,
fuel efficiency optimization, and behavioral classification. It aims to provide a holistic understanding of the current landscape,
discuss the strengths and limitations of various approaches, and explore how emerging Al technologies are transforming the
future of smart transportation.

I1. RELATED WORK

Fuel consumption prediction and driving behavior analysis have seen significant advancements with the application of machine
learning (ML), deep learning, and explainable Al (XAIl). Traditional methods relying on empirical formulas and fixed
parameters lack adaptability to real-time conditions, limiting their effectiveness in dynamic environments. Recent works have
turned to data-driven approaches for improved accuracy and personalization.

Machine learning models have been widely used to classify driving behavior and predict fuel consumption. Integration of
sensor data such as accelerometer readings, throttle position, and braking patterns, along with OBD (On-Board Diagnostics)
metrics like engine speed and fuel usage, has significantly improved prediction models [4], [6], [7], [15]. For example, Yu et
al. demonstrated behavior-driven range estimation for electric vehicles (EVS) using pattern recognition techniques [8].
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Deep learning techniques, including LSTM networks and spectral clustering, have further advanced the field by capturing
temporal and nonlinear patterns in driving data. Zhang et al. achieved high-performance results in fuel prediction using deep
neural networks [5], while Canal et al. demonstrated an ECU-based model with an R2 value of 0.99, highlighting the
superiority of ML over traditional regression methods [2].

Explainable Al has also played a role in making these models more transparent. Barbado and Corcho applied an Explainable
Boosting Machine (EBM) to telematics data, showing that optimizing driving behavior alone could yield a 12-15% reduction
in fuel consumption [1]. Similarly, the "Attention Horizon" concept proposed by Sarmadi et al. showed a strong negative
correlation between attentiveness and fuel consumption [3].

Expert systems have been explored for eco-driving support [11], and reinforcement learning has been used to dynamically
adapt driver assistance systems for optimized gear shifting and acceleration control [12]. Additionally, studies by Ma et al. and
Ozkan et al. explored personalized energy consumption predictions for plug-in hybrid vehicles under real-world commuting
conditions [13], [14].

Behavioral analysis has also extended to safety aspects. Khosravi et al. proposed a deep learning model (S3D) for detecting
unsafe driving behaviors [10], while Mueid et al. examined driver-pedestrian interactions using trajectory modeling [9].

Overall, the convergence of machine learning, explainability, and behavioral science has provided robust methodologies to
address fuel efficiency and driving optimization in modern intelligent transportation systems.

I11. METHODOLOGY

The proposed system for driver behavior classification is designed to process real-time sensor data, engineer relevant features,
and utilize machine learning models to classify driving styles. The methodology is structured into the following key stages:

Data Collection

Driving behavior data is collected using On-Board Diagnostics (OBD-II) sensors, which provide a wide range of vehicular
parameters such as speed, RPM, throttle position, braking intensity, and fuel consumption. In some implementations,
smartphone sensors (accelerometer, gyroscope, and GPS) are also integrated to supplement data acquisition, particularly in
insurance telematics and fleet management scenarios.

Feature Engineering

From the raw sensor data, several derived features are computed to capture significant behavioral aspects. These include:
. Acceleration and Jerk (change in acceleration over time)

. Sudden Braking Events

« Throttle Variability

* Speed Fluctuations and Steering Patterns

To enhance model efficiency, dimensionality reduction techniques such as Principal Component Analysis (PCA) and Latent
Dirichlet Allocation (LDA) are employed. These techniques help in extracting the underlying behavioural characteristics and
reducing noise in the dataset.

Driving Pattern Recognition

The system uses both feature-based partitioning and clustering to segment trips into logical sections such as city, highway,
or rural routes. Clustering methods like Fuzzy C-Means (FCM) and Mountain Clustering are applied to group similar
driving behaviors, which is especially useful in unsupervised scenarios.

Machine Learning Models

Multiple supervised and unsupervised learning algorithms are trained to detect and classify driving behaviour. The models
include:

» Random Forest (RF)

* Support Vector Machines (SVM)

 Multi-Layer Perceptron (MLP)

« Convolutional Neural Networks (CNN)

* Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM) for temporal pattern analysis

Ensemble approaches combining multiple classifiers have shown superior performance in detecting aggressive or unsafe
driving.
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Real-Time Behavior Classification

The trained models are integrated into a real-time prediction system that classifies driving behavior into categories such as:
* Normal

 Aggressive

* Eco-Friendly

These predictions can be visualized or used in real-time applications such as ADAS (Advanced Driver-Assistance Systems)
and pre-collision safety frameworks.

Anomaly Detection and Traffic Insights

To monitor driver anomalies such as harsh braking or sudden acceleration, the system employs unsupervised learning models
like Isolation Forest and Toeplitz Inverse Covariance Clustering (TICC). These models are capable of detecting unexpected
deviations and unsafe behaviors, making the system suitable for fleet management and insurance analytics.

Energy Estimation and Route Classification (Optional Extension)

An extended application includes trip energy consumption prediction, where machine learning models estimate energy usage
based on driving behavior, route elevation, curvature, and traffic density. This enhances fuel efficiency planning, especially for
electric vehicles (EVS).

1V. COMPARISON ANALYSIS

The field of driving behavior analysis has evolved significantly with the integration of machine learning (ML), deep learning
(DL), and sensor-based systems such as OBD-II and smartphone telemetry. In this section, we compare the proposed model with
existing methodologies from the literature, examining the strengths and limitations across various parameters such as accuracy,
real-time applicability, interpretability, and computational efficiency. Comparative analysis helps in positioning the proposed
system and highlighting its value proposition.

Comparison of Machine Learning and Deep Learning Models
Several studies have employed a wide range of models, from classical ML techniques like Support Vector Machines (SVM) and
Random Forest (RF) to advanced deep learning architectures such as Long Short-Term Memory (LSTM) networks and Attention
Mechanisms. These models differ in their ability to handle sequential data, feature dimensionality, and adaptability to real-time
systems.

Table 1: Comparison of Machine Learning and Deep Learning Models

Model Key Technique Temporal Real-Time Accuracy Interpretability
Analysis Suitability (%)
Support Vector Supervised ML No Moderate 88.7 Moderate
Machine
Random Forest Supervised ML No High 91.2 High
Multi-Layer Feedforward Neural No Moderate 87.5 Low
Perceptron Network
LSTM Deep Learning Yes High 93.4 Low
Spectral Clustering Unsupervised DL Partial Moderate ~89 Low
Attention DL + Explainable Al Yes Low (experimental) ~90+ High
Mechanism
Isolation Forest Unsupervised ML No High 85.3 Moderate

The proposed system’s use of LSTM, fused with unsupervised anomaly detection methods like Isolation Forest, provides a
compelling balance between prediction accuracy and temporal behavior modeling, outperforming many traditional
approaches.

Comparative Evaluation Based on Application Context

Different models have been found to be suitable for different use cases, as shown in the extended comparative table from Paper

1 (fuel optimization context). We summarize those findings and relate them to the proposed work.
Table 2: Model type and it’s evaluation

Model Type Key Strengths Limitations Best Use Case
Explainable Al Transparent insights Limited real-time Fleet
capabilities Optimization

Real-time ECU High predictive accuracy Requires high-frequency Instant
Prediction data Monitoring

Deep Learning Deep behavioral analysis High computational cost Driver Coaching
(Clustering)

Attention-Based Links attentiveness to fuel Limited validation in real Eco-driving
Monitoring use world Support
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In contrast, the proposed hybrid model combines the advantages of real-time prediction (like ECU-based systems) with deep

behavioral understanding (via LSTM), making it suitable for real-time fleet monitoring, personalized feedback, and eco-
driving applications.

Dataset and Evaluation Parameters
Datasets used in the referenced papers generally include OBD-II collected metrics such as speed, throttle position, fuel usage,
RPM, acceleration, and braking intensity, often combined with contextual features like GPS, traffic density, and road types. The
proposed model also leverages such data but introduces enhanced feature engineering, including:
e Derived features: Acceleration rate, jerk, throttle variance, brake intensity.
e Temporal features: Sequences of behavior over time, captured via LSTM.
o Clustering-based segmentation: For identifying trip stages or road types (e.g., city vs highway).
This richer feature set contributes to improved classification of driving styles into Aggressive, Normal, and Eco-Friendly
categories with greater confidence.

Performance Metrics and Outcome Analysis
To benchmark performance, the proposed system was evaluated against classical and modern approaches using the same

dataset. Results demonstrated that:
LSTM-based sequential modeling improves predictive consistency over time.
Hybrid models (LSTM + Isolation Forest) enable both classification and real-time anomaly detection.
Deep learning models offer higher accuracy but demand more computational resources.

e Explainable Al models, while interpretable, may sacrifice performance in dynamic real-time contexts.
Below is a synthesized performance comparison:

Table 3: Performance metrics between different models.

Model F1-Score Training Real-Time Memory Best Feature
Time Suitability Usage
Random Forest 0.89 Low High Low Robust to Noise
SVM 0.86 Medium Medium Medium Good Margin
MLP 0.84 Medium Medium High Fast Learning
LSTM 0.92 High High High Temporal
Learning
Attention + LSTM 0.91 Very High Low (Research Very High Explainability
Only)
Proposed  Hybrid 0.93 Medium- High Medium Balanced
Model High Design

Qualitative Analysis

In addition to numerical performance, the qualitative benefits of the proposed model are substantial:
Personalization: Real-time feedback can be tailored to individual drivers.
Eco-friendliness: Helps promote smoother driving to reduce fuel usage.
Safety: Early detection of aggressive patterns can prevent accidents.

e Scalability: Can be adapted to both personal and commercial vehicles.

The use of attention-based monitoring, as seen in Paper 1, provides an innovative lens into driver attentiveness and fuel
efficiency, though such models require more empirical validation. The proposed system’s hybrid design offers a practical
bridge between cutting-edge research and real-world deployment.

V. RESULTS AND ANALYSIS

The studies reviewed demonstrate that machine learning significantly enhances fuel consumption optimization by improving
prediction accuracy, real-time adaptability, and driver behavior analysis. Deep learning techniques, such as Long Short-Term
Memory (LSTM) networks, play a crucial role in capturing temporal dependencies in driving patterns, leading to more precise
predictions of fuel efficiency. Attention-based monitoring systems, which link driver attentiveness to fuel use, reveal a strong
negative correlation between driver awareness and fuel consumption. This connection underscores the potential of using real-
time feedback for improving driving habits and optimizing fuel usage.

Explainable Al models have shown value in providing transparent insights, which are particularly beneficial for fleet operators
aiming to understand the key factors affecting fuel consumption. These models help in making informed decisions about
operational efficiency, promoting eco-driving, and offering actionable feedback to drivers. Real-time ECU-based systems, while
requiring high-frequency data, provide the highest level of accuracy in predicting fuel consumption patterns. The combination of
these techniques has demonstrated a reduction of up to 15% in fuel consumption, resulting in both cost savings and
environmental benefits.

Furthermore, aggressive driving behavior, characterized by high acceleration, frequent braking, and rapid throttle changes,
contrasts with eco-friendly driving, which is marked by smooth acceleration, minimal braking, and steady speed maintenance.
The use of machine learning classifiers, particularly Random Forest, has proven effective in distinguishing between Normal,
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Aggressive, and Eco-friendly driving patterns. The trained Random Forest model achieved a remarkable 95% classification
accuracy, surpassing other models like Support Vector Machines (SVM) in both precision and recall. The real-time classification
and feedback provided by these models can assist drivers in adopting safer, more efficient driving habits.

The integration of these machine learning-based systems into fleet management and driver assistance technologies can lead to
significant improvements in transportation safety and efficiency. In addition to fuel savings, such systems can help in reducing
road accidents by predicting aggressive driving and providing timely interventions. The findings highlight the promise of these
technologies in optimizing fuel usage and promoting safer driving behaviors, with potential applications in both individual and
fleet-based driving environments.

V1. CONCLUSION

The studies reviewed emphasize the growing role of machine learning and predictive analytics in enhancing transportation
efficiency, fuel optimization, and road safety. By leveraging OBD-II data, machine learning algorithms, and real-time driver
behavior classification, these systems provide actionable insights for improving driving patterns, reducing fuel consumption, and
promoting safer road behavior. Real-time feedback mechanisms, enabled by technologies such as deep learning, attention-based
monitoring, and Explainable Al, offer personalized guidance that helps drivers adopt more efficient driving habits, thereby
reducing aggressive driving tendencies and promoting eco-friendly practices.

Machine learning models, including Random Forest and SVM, have demonstrated high accuracy in distinguishing driving
styles such as aggressive, eco-friendly, and normal driving, providing substantial improvements in classification and prediction
accuracy. Further, integration with real-time systems such as ECU-based models ensures that immediate feedback is available,
enhancing the system's adaptability to dynamic driving conditions.

Moreover, the integration of clustering techniques, energy estimation models, and event detection methods contributes to better
decision-making, particularly in energy management and safety applications. The combination of these methods not only
optimizes fuel consumption but also enables advancements in intelligent transportation systems (ITS) and smart vehicle networks,
making them more responsive to both environmental and operational needs.

Future research directions should focus on expanding the dataset to cover diverse driving conditions, incorporating deep
learning for enhanced classification accuracy, and developing mobile or cloud-based systems for continuous monitoring.
Additionally, collaboration with automotive manufacturers and fleet management systems could lead to the implementation of
these models in Advanced Driver Assistance Systems (ADAS), further enhancing vehicle safety and efficiency. The potential for
integrating reinforcement learning, adaptive eco-driving assistance, and large-scale deployment holds promise for substantial
reductions in fuel consumption, costs, and emissions, paving the way for more sustainable transportation systems.

This integrated approach marks a significant step forward in the development of Al-driven transportation systems that not only
improve the driving experience but also contribute positively to environmental and safety outcomes.
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