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Abstract - The increasing integration of digital technologies in
modern vehicles has led to significant advancements in
autonomous driving, connected car services, and in-vehicle
communication networks. However, this progress has also
introduced a new array of cybersecurity vulnerabilities,
making automotive systems prime targets for cyber threats,
including malware attacks, unauthorized access, and data
breaches. Traditional cybersecurity approaches often fail to
detect sophisticated and evolving threats in real time,
necessitating advanced solutions that leverage artificial
intelligence (Al) for enhanced security.

This project proposes an Al-powered cybersecurity threat
detection system designed to identify and mitigate cyber threats
in automotive environments. The system employs a multi-
layered approach combining real-time data collection,
anomaly detection, and machine learning algorithms to detect
suspicious activities within in-vehicle networks. Key features
such as behavioral analysis, deep learning-based intrusion
detection, and real-time anomaly monitoring allow the system
to distinguish between normal and malicious activities with
high accuracy. Al models, including Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNNs), and
Isolation Forests, are trained on vast datasets of vehicular
network traffic to improve threat detection capabilities
dynamically.

A major innovation in this project is the implementation of
federated learning, enabling AI models to be trained across
multiple vehicles without sharing raw data, thus preserving
user privacy while enhancing threat intelligence. The system
also integrates blockchain technology for secure logging and
validation of detected threats, ensuring data integrity and
reducing the risk of tampering. By combining Al-driven
analytics and decentralized security mechanisms, this
approach enhances cybersecurity resilience in modern
vehicles.

The results of this project demonstrate a significant
improvement in threat detection accuracy, with AI models
achieving over 95% detection rates while minimizing false
positives. The integration of blockchain ensures secure data
exchange among connected vehicles, strengthening the
automotive cybersecurity framework. These findings highlight
the potential of Al-powered solutions in safeguarding
automotive networks against emerging cyber threats.

In conclusion, this research presents a robust Al-based
cybersecurity system for modern vehicles, addressing key
vulnerabilities in automotive networks. By leveraging real-
time Al threat detection and blockchain-enhanced security, the
proposed system improves vehicle safety, reduces cyberattack
risks, and contributes to the development of resilient intelligent
transportation systems. Future work may involve expanding
the system's capabilities to detect zero-day attacks and
integrating it with industry-wide cybersecurity standards for
enhanced interoperability.

Keywords: Automotive Cybersecurity, AI-Powered Threat

Detection, Machine Learning, Intrusion Detection,
Blockchain  Security, Connected Vehicles, Federated
Learning.

1. INTRODUCTION

1.1. State of Art Developments

The rapid evolution of connected and autonomous vehicles has
introduced advanced digital technologies into the automotive
industry, enhancing driving safety, efficiency, and user
experience. However, this digital transformation has also
exposed automotive systems to an increasing number of
cybersecurity threats. Modern vehicles rely on complex
Electronic Control Units (ECUs), Controller Area Networks
(CAN), and vehicle-to-everything (V2X) communication,
making them vulnerable to cyberattacks such as hacking, data
breaches, malware infections, and remote exploitation.
Traditional automotive cybersecurity measures, such as rule-
based intrusion detection systems (IDS) and signature-based
threat monitoring, struggle to keep pace with sophisticated and
adaptive cyber threats. Attackers continuously develop new
techniques to bypass conventional defenses, necessitating the
integration of artificial intelligence (Al) to improve real-time
threat detection and response.

Recent advancements in Al-driven cybersecurity have
demonstrated promising capabilities in detecting and mitigating
cyber threats in automotive environments. Machine learning
(ML) and deep learning (DL) models can analyze vast amounts
of in-vehicle network traffic data, identify anomalies, and
predict potential attacks before they cause significant damage.
Al-based Intrusion Detection and Prevention Systems (IDPS)
leverage behavioral analysis to differentiate between normal and
malicious activities in a vehicle’s communication network.
Additionally, blockchain technology is emerging as a secure

© 2025, IJSREM | www.ijsrem.com

| Page 1


http://www.ijsrem.com/

‘3#\“

VOLUME: 09 ISSUE: 07 | JuLY - 2025

8 =4
Us““gg INTERNATIONAL JOURNAL OF SCIENTIFIC RESEARCH IN ENGINEERING AND MANAGEMENT (I]SREM]

5%

SJIF RATING: 8.586 ISSN: 2582-3930

method for logging and verifying detected threats, ensuring data
integrity and reducing attack surfaces.

The integration of Al-powered cybersecurity solutions aims to
enhance the resilience of automotive systems against cyber
threats. Federated learning techniques allow AI models to be
trained across multiple vehicles without compromising user
privacy, enabling collective threat intelligence sharing while
maintaining data security. These advancements in Al,
blockchain, and network security contribute to the development
of robust and adaptive cybersecurity frameworks for modern
connected vehicles.

1.2. Motivation

As modern vehicles become increasingly connected and
autonomous, cybersecurity threats pose a growing risk to
automotive safety, privacy, and data integrity. Cyberattacks on
automotive systems can lead to severe consequences, including
vehicle hijacking, unauthorized data access, and system failures,
potentially  endangering  passengers and  disrupting
transportation infrastructure. Traditional security mechanisms
struggle to keep pace with evolving cyber threats, making Al-
driven solutions a necessity.Strengthen financial integrity by
detecting and preventing illicit activities.

This project is motivated by the need to:

. Enhance Vehicle Security: Prevent unauthorized
access, malware infections, and cyberattacks that can
compromise vehicle operations.

. Protect User Privacy: Safeguard sensitive user data

transmitted through in-vehicle networks and connected car
services.

. Reduce False Positives in Threat Detection: Minimize
unnecessary alerts while improving the accuracy of detecting
real cyber threats.

. Leverage Al for Real-Time Detection: Utilize machine
learning and deep learning techniques to identify and mitigate
emerging cyber threats in real time.

. Strengthen Automotive Cybersecurity Standards:
Contribute to the development of resilient cybersecurity
frameworks for connected and autonomous vehicles.

1.3. Problem Statement

The increasing digitalization of modern vehicles has introduced
significant cybersecurity vulnerabilities, making them prime
targets for cyber threats such as hacking, unauthorized access,
malware attacks, and data breaches. Traditional automotive
security systems rely on rule-based or signature-based detection
methods, which struggle to identify emerging and sophisticated
cyberattacks. These conventional approaches often lead to:
Identify suspicious transactions with high accuracy.

. High False Positive Rates: Security systems
generate excessive false alarms, reducing operational efficiency.
. Lack of Adaptive Threat Detection: Static security
models fail to detect evolving cyber threats in real time.

. Limited Privacy-Preserving Solutions: The
centralized nature of current cybersecurity frameworks raises
concerns about data privacy and security.

This project addresses these challenges by developing an Al-
powered cybersecurity threat detection system that:

. Identifies malicious activities in real time with
high accuracy.

. Reduces false positives and improves detection
efficiency.

. Ensures secure and  privacy-preserving
cybersecurity measures using Al and blockchain.

. Strengthens overall automotive cybersecurity by

enabling adaptive, self-learning threat detection models.

1.4.0verview of Traditional Cybersecurity Methods

Traditional cybersecurity methods in automotive systems
primarily rely on rule-based detection, signature-based intrusion
prevention, and network monitoring. While these methods
provide a foundational layer of security, they often struggle to

detect sophisticated and evolving cyber threats. These
conventional approaches include:
. Rule-Based Intrusion Detection Systems (IDS): These

systems use predefined rules to detect anomalies in vehicle
networks. For example, an IDS may flag messages that deviate
from expected patterns in the Controller Area Network (CAN)
bus. However, static rules cannot adapt to new and evolving
attack techniques.

. Signature-Based Threat Detection: Many traditional
security solutions rely on known attack signatures to identify
threats. While effective for detecting previously documented
cyberattacks, these methods fail against zero-day attacks or
novel malware variants.

. Periodic Software Updates and Firewalls:
Automotive manufacturers implement firmware updates and
network firewalls to patch vulnerabilities and block
unauthorized access. However, this approach is reactive rather
than proactive, often leaving vehicles vulnerable between update
cycles.

. Centralized  Security = Monitoring:  Vehicle
cybersecurity is often managed through centralized monitoring
systems that collect data from in-vehicle sensors and external
sources. This model presents scalability and privacy concerns,
as large amounts of data must be processed and stored securely.

1.5.Drawbacks of Traditional Cybersecurity Methods
While traditional cybersecurity methods in automotive systems
have provided a basic level of protection, they suffer from
several limitations:

. High False Positive Rates: Rule-based and signature-
based systems often generate excessive false alarms,
overwhelming security teams and leading to inefficient threat
investigations.

. Limited Scalability: Traditional security measures
struggle to handle the growing complexity of modern vehicle
networks, especially with the rise of connected and autonomous
vehicles.

. Inability to Adapt to Evolving Threats: Static rule-
based detection methods fail to identify new and sophisticated
cyber threats. Attackers frequently modify their techniques to
bypass existing security measures.
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. Lack of Real-Time Detection and Response: Many
conventional systems rely on periodic scans or predefined
patterns, leading to delays in threat detection and mitigation.
This allows cybercriminals to exploit vulnerabilities before
corrective actions are taken.

. Data Silos and Lack of Integration: Security data is
often fragmented across different components of a vehicle's
network, making it difficult to achieve a comprehensive view of
potential threats and vulnerabilities.

1.6. The Need for AI-Powered Cybersecurity in Automotive
Systems

Given the limitations of traditional cybersecurity methods, there
is a growing need for more advanced and adaptive solutions to
protect modern vehicles from cyber threats. The increasing
connectivity of automobiles, the rise of autonomous driving, and
the complexity of in-vehicle networks make conventional
security measures inadequate in addressing sophisticated
cyberattacks.

This project proposes an Al-powered cybersecurity
framework that integrates cutting-edge technologies to provide
real-time, accurate, and scalable threat detection in
automotive systems. The key advancements in this approach
include:

. Al-Driven Anomaly Detection: Utilizing machine
learning and deep learning models to analyze vehicle network
traffic, detect irregular patterns, and identify emerging cyber
threats before they escalate.

. Real-Time Monitoring and Response: Implementing
intelligent security mechanisms that continuously monitor in-
vehicle communication and take proactive measures to
neutralize potential attacks.

. Federated Learning for Privacy-Preserving
Security: Enabling collaborative threat detection across
multiple vehicles without exposing sensitive data, thus
improving cybersecurity without compromising user privacy.

. Blockchain-Based Security Logging: Ensuring
tamper-proof and transparent logging of detected threats,
enhancing trust and accountability in cybersecurity operations.

By integrating Al, federated learning, and blockchain, this
project aims to redefine automotive cybersecurity, offering a
more intelligent, proactive, and secure defense mechanism
against evolving cyber threats.

1.7.0bjectives

The primary objectives of the project are:

o Develop an Al-powered system to detect
cybersecurity threats in automotive networks with high
accuracy.

. Minimize false positives to enhance the efficiency of
threat detection and reduce unnecessary alerts.
. Implement real-time monitoring for proactive

identification and mitigation of cyber threats in connected
vehicles.

. Leverage machine learning models such as deep
learning, anomaly detection, and federated learning to improve
detection capabilities.

o Integrate blockchain technology for secure, tamper-
proof logging of detected threats and security events.
. Ensure scalability and adaptability of the system to

handle various vehicle architectures and evolving cyber threats.
By achieving these objectives, the project aims to strengthen
automotive cybersecurity, ensuring safer and more resilient
connected vehicle ecosystems.

II. OVERVIEW OF AIML AND AA COMPNENTS

Artificial Intelligence (AI) and Machine Learning (ML) are
revolutionizing automotive cybersecurity by enabling intelligent
threat detection, real-time anomaly monitoring, and predictive
security measures. These technologies play a crucial role in
safeguarding modern vehicles from cyberattacks, unauthorized
access, and data breaches.

Al enhances automotive cybersecurity by automating complex
tasks such as intrusion detection, behavioral anomaly
analysis, and predictive threat mitigation. Machine learning
models improve cybersecurity resilience by continuously
learning from in-vehicle network traffic, identifying hidden
patterns, and detecting previously unknown attack vectors more
effectively than traditional rule-based systems.

2. Relevant Technical and Mathematical Details

2.1. Machine Learning Techniques

. Supervised-Learning:

This project employs supervised learning algorithms to train
models that can identify and classify cybersecurity threats based
on labeled data, such as network traffic or vehicle system
behavior. These models learn from historical attack data and
real-time observations to identify anomalies and detect emerging
threats. Key algorithms include:

e Random Forest: An ensemble learning method based on
decision trees, where multiple trees are combined to improve
prediction accuracy and reduce overfitting. It helps identify
complex patterns in vehicular network traffic and detect
cyberattacks.

e Support Vector Machine (SVM): A powerful classification
algorithm that finds the optimal hyperplane separating different
classes of activities (normal or suspicious) in the vehicle’s
communication network. SVM works well with high-
dimensional data, making it suitable for analyzing complex
vehicular data patterns.

o Logistic Regression: A statistical model used for binary
classification of threat detection (malicious vs. normal). It
predicts the likelihood of an attack occurring based on network
data attributes such as packet size and frequency.

e Gradient Boosting: A technique that iteratively improves
weak models by focusing on areas where previous models have
underperformed. This method is used to enhance the precision
of threat detection systems by optimizing their predictive

capabilities.

. Loss Function: For classification tasks, a
logarithmic loss function is used to penalize incorrect
predictions, helping the model learn to classify malicious
activities accurately.

. Optimization: Gradient descent is applied to
minimize the loss function, adjusting model parameters to
improve accuracy.
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. Feature Engineering:

Feature engineering plays a crucial role in extracting meaningful
insights from vehicular network traffic, enabling machine
learning models to detect cyber threats more effectively. Key
features for this project include:

. Packet Frequency: The rate of packet transmission
between systems or ECUs in the vehicle network, helping detect
abnormal traffic spikes indicative of a cyberattack or network
anomaly.

. Packet Size Patterns: Analyzing data packet sizes
helps identify unusual patterns, such as those associated with
malware downloads or unauthorized data transfers.

. Communication Patterns: Geographic and temporal
patterns of communication between vehicles and external
networks, which may point to suspicious or unauthorized
interactions, such as remote hacking or data exfiltration.

. Vehicle Network Risk Scores: Based on historical
data, a risk score is assigned to vehicle communication systems,
helping to predict and assess the likelihood of security breaches.

2.2. Statistical Analysis and Data Visualization
Descriptive Statistics:

Descriptive statistics are used to summarize and understand the
key characteristics of the vehicular network data, helping to
identify trends and anomalies. These statistics include:

. Mean and Median: These measures help understand
the central tendency of features such as packet size, frequency
of communication, or the number of abnormal events within the
vehicle network.

. Standard Deviation and Variance: These measures
indicate the spread or dispersion of data points, helping to
identify behaviors that deviate from typical patterns, such as
sudden spikes in data traffic or irregular communication
patterns.

. Skewness and Kurtosis: These metrics are used to
assess the asymmetry of the data distribution and identify any
outliers or unusual patterns that may suggest a potential
cyberattack.

Visualization Tools:

Visualization techniques play a crucial role in identifying
relationships between various features, understanding the
structure of the data, and recognizing patterns associated with
cyber threats. Common visualization tools include:

. Histograms: These plots show the distribution of key
features such as packet sizes or communication frequencies.
Histograms help in identifying abnormal patterns or outliers that
may indicate suspicious activity in the network.

. Scatter Plots: Scatter plots visualize the relationship
between two features, such as packet size vs. transmission
frequency. They help identify clusters or patterns that may
correspond to normal or malicious behaviors in vehicle systems.
. Correlation Matrices: Correlation matrices are used
to assess the relationship between multiple features, such as
vehicle network traffic and intrusion detection metrics. Strong
correlations may point to patterns or vulnerabilities that need
further investigation.

2.3. Mathematical Foundations
RandomForest:

The Random Forest algorithm is an ensemble learning method
that combines multiple decision trees to enhance prediction
accuracy and reduce overfitting. Each decision tree in the forest
independently makes a prediction, and the majority vote from all
the trees determines the final prediction.

. PredictionFormula:
Prediction=Mode of predictions from all trees

Random Forests are effective in detecting complex patterns in
network traffic by aggregating the predictions of individual trees
to create a robust and generalized model.

Support Vector Machine (SVM):

SVM works by finding the optimal hyperplane that maximizes
the margin between data points of different classes (e.g., normal
vs. suspicious activities). The support vectors are the critical data
points closest to the decision boundary. SVM is effective in
classifying high-dimensional data such as network traffic.

. Optimization  Objective:

Maximize the margin between the decision boundary:

1 "
min _ [jw |* subject to

E F

Where w is the weight vector that defines the hyperplane. The
SVM tries to maximize this margin to improve generalization.

. Logistic Regression: Uses a sigmoid function to model
the probability of a class:

. K-Nearest Neighbors (KNN): Classifies a data point
based on the majority vote of its k-nearest neigbors. For
regression, the output is the average of the nearest neighbors'

values.

j(z) = mode{y; | z; € Ni(z)}

2.4. Evaluation Metrics

. Accuracy: Percentage of correctly predicted emotional
states.
. Precision _and Recall: Measure the relevance and

completeness of predictions.

J F1-Score: Harmonic mean of precision and recall to
balance the trade-off between them.
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III. SOFTWARE REQUIREMENTS SPECIFICATION

3.1. Software Requirements

The software requirements for this project include tools and
frameworks for data preprocessing, modeling, analysis, and
visualization. The required software components are:

3.1.1. Programming Language
. Python 3.8: Used for data preprocessing, machine
learning model development, and visualization.

3.1.2. Libraries and Frameworks

. Pandas: For data manipulation and analysis.
. NumPy: For numerical computations.
. Scikit-learn: To implement machine learning

algorithms such as Random Forest, SVM, and Logistic
Regression.

° Matplotlib_and Seaborn: For data visualization and
graphical analysis.

. Jupyter Notebook: As an interactive development
environment for code writing and execution.

3.1.3. Additional Tools
° Google Colab: For cloud-based execution of code,
providing GPU/TPU support for faster computations.

. Data Visualization Tools: Tools like Tableau (optional)
for generating advanced visualizations.

. Version Control: Git and GitHub for code versioning
and collaboration.

3.1.4. Operating System

. Compatible with Windows, macOS, or Linux

environments.

3.2. Hardware Requirements
To ensure smooth execution of the project, the following
hardware specifications are required:

3.2.1. Development Machine
. Processor: Intel i5 or above (or equivalent AMD
Ryzen).

. RAM: 8 GB minimum (16 GB recommended for large
datasets).

. Storage: At least 500 GB (SSD recommended for faster
processing).

3.2.2. Peripherals

. Input Devices: Keyboard and mouse.

. Output Devices: Monitor with a resolution of
1920x1080 or higher.

IV. TECHNOLOGY STACK

The Al-powered cybersecurity threat detection system for
automotive networks is built on a robust and scalable technology
stack that ensures high efficiency, real-time performance, and

data security. The platform integrates the following
technologies:
4.1Front End
. HTML, Tailwind-CSS, CSS: These technologies are

used to create a responsive and visually appealing user interface.
Tailwind-CSS, in particular, allows for rapid prototyping and
customization of the UI components.

. React: A JavaScript library for building user interfaces,
React enables the creation of dynamic and interactive
components. It is particularly useful for building single-page
applications (SPAs) where real-time updates are crucial.

. Next.js: A React framework that enables server-side
rendering and static site generation, improving the performance
and SEO of the platform.

. Chart.js: A JavaScript library for creating interactive
charts and graphs, Chart.js is used to visualize transaction data,
trends, and patterns in the dashboard.

4.2 Back End

. Flask: A lightweight Python web framework, Flask is
used to build the backend of the platform. It provides the
necessary tools to handle HTTP requests, manage routing, and
integrate with other services.

. NumPy: A Python library for numerical computations,
NumPy is used for data manipulation and mathematical
operations, particularly in the preprocessing and feature
engineering stages.

. Pandas: A powerful data manipulation library in
Python, Pandas is used for data cleaning, transformation, and
analysis. It is particularly useful for handling large datasets and
performing complex operations.

. Axios: A promise-based HTTP client for making API
requests, Axios is used to communicate between the front end
and back end, ensuring seamless data exchange.

4.3 Database

. Ethereum: A decentralized blockchain platform,
Ethereum is used for secure and immutable transaction logging.
By leveraging smart contracts, KAWATCH ensures that flagged
transactions are recorded in a tamper-proof manner, enhancing
transparency and accountability.
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4.4 AI/ML

. Scikit-learn: A Python library for machine learning,
Scikit-learn provides a wide range of algorithms for
classification, regression, and clustering. It is used to train and
evaluate machine learning models for detecting suspicious
transactions.

. Google Colab: A cloud-based Jupyter notebook
environment, Google Colab is used for developing and testing
machine learning models. It provides access to GPU/TPU
resources, enabling faster training and experimentation.

. Python: The primary programming language for the
project, Python is used for data preprocessing, model
development, and deployment. Its extensive ecosystem of
libraries and frameworks makes it ideal for machine learning and
data analysis tasks.

4.5 Authentication

. Clerk: A wuser authentication and management
platform, Clerk is used to handle user registration, login, and
session management. It provides a secure and scalable solution
for managing user identities and access control.

V. USE CASES

The Al-powered cybersecurity threat detection system for
automotive networks offers a range of use cases designed to
address the diverse security needs of modern connected vehicles.
The platform is designed to ensure real-time detection, proactive
defense, and secure data management:

. Vehicle Network Intrusion Detection: The system
continuously monitors communication between Electronic
Control Units (ECUs) and connected services within the vehicle.
It analyzes patterns of traffic flow to detect unauthorized access,
malware activity, and other malicious threats in real-time.

. Anomaly Detection and Threat Mitigation: Using Al
and machine learning models, the platform identifies abnormal
behavior such as unauthorized access, unusual data traffic, or
out-of-pattern ECU interactions. Once identified, the system can

either alert the vehicle owner or initiate predefined
countermeasures to mitigate the threat.
o Federated Learning for Privacy-Preserving

Security: The system utilizes federated learning, allowing threat
detection models to be trained across multiple vehicles
without sharing sensitive data. This approach
enhances security without compromising user
privacy, enabling better collective intelligence across

the fleet.

. Data Integration and Real-Time Analytics: The
system integrates with various in-vehicle network components
and external services to collect and analyze real-time data. It
visualizes traffic patterns, attack detections, and system health
metrics, helping security teams make quick decisions during
potential breaches.

. Blockchain-Based Threat Logging: Detected threats
and security events are logged on a blockchain, ensuring an
immutable, transparent record of actions taken. This provides a
tamper-proof trail for auditing, further securing the vehicle's
cybersecurity framework.

. Machine Learning-Powered Threat Detection:
Advanced machine learning algorithms analyze vast amounts of
vehicular data to recognize evolving cyber threats. The models

adapt to new attack methods, improving their accuracy and
reducing the likelihood of undetected threats over time.

. Integration with Existing Automotive Systems: The
platform integrates seamlessly with existing automotive
networks using APIs to ensure smooth operation. Whether a
vehicle's security system is pre-existing or newly implemented,
the Al-powered threat detection works in tandem with other
components.

. Continuous Learning and Model Improvement: The
system learns from new threat data and feedback, continuously
enhancing the performance of the detection algorithms. Over
time, this leads to improved precision in threat detection and
minimizes false positives or missed attacks.

VI. METHODOLOGY

The methodology for developing the Al-powered cybersecurity
threat detection system for automotive networks is structured
into several key phases, each designed to ensure the system's
effectiveness, scalability, and adaptability. Below is a detailed
breakdown of the methodology:

6.1. Data Collection and Preprocessing

6.1.1. Data Collection
. Data Sources: The system collects data from multiple
sources, including in-vehicle network logs, external
cybersecurity databases, and vehicle-to-everything (V2X)
communication data. These sources provide a comprehensive
view of the vehicle's network traffic, enabling detection of
anomalies such as unauthorized access or malware.
. Dataset Characteristics:
. Packet ID, Timestamp, Source & Destination
ECUs (Electronic Control Units)
Packet Size, Transmission Frequency, Device ID
Network Anomalies (e.g., unusual data traffic, communication

patterns)

. Geolocation of Communication, IP Addresses, and
Risk Scores

. Malware Flag, Previous Attack History, Vehicle
Network Type

. Vulnerability Flags, Intrusion Detection System
(IDS) Alerts

6.1.2.Data Preprocessing
. Handling Missing Values: Missing values in the data
are handled using techniques like mean imputation for numerical
data and mode imputation for categorical variables.
. Outlier Management: Outliers in network traffic data
are managed using Winsorization, where extreme values are
replaced with the nearest non-outlier values.
. Feature Scaling: Numerical features, such as packet
sizes and transmission frequency, are scaled using the
MinMaxScaler to ensure that all features contribute equally to
the model.
. Categorical Encoding: Categorical variables, such as
the type of communication protocol or ECU type, are encoded
using one-hot encoding, converting them into a format suitable
for machine learning models.
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6.2. Feature Engineering

6.2.1. Feature Extraction

. Network Traffic Frequency: The number of data
packets transmitted by a particular ECU over a given time
period, which can help identify abnormal activities such as data
exfiltration or denial-of-service attacks.

. Packet Size Patterns: Patterns in the size of
transmitted packets, which can signal potential data leakage or
malware downloads.

. Geolocation Patterns: Insights into the geographical
origin and destination of network communications, allowing
detection of unusual connections or communication with high-
risk regions.

. ECU Risk Scores: Attributes derived from the
historical behavior of ECUs, such as frequency of
communication or previous vulnerabilities, used to assign a risk
score to each network component.

6.2.2.Feature Selection

. Correlation Analysis: Features are selected based on
their correlation with the target variable (e.g., suspicious or
normal activity). Highly correlated features are retained, while
redundant or irrelevant features are eliminated.

. Dimensionality Reduction: Techniques like Principal
Component Analysis (PCA) are used to reduce the number of
features while retaining the most important data, improving the
performance of the machine learning models.

6.3. Model Development

6.3.1.Model Selection
. Random Forest: An ensemble learning method that
combines multiple decision trees to improve prediction accuracy
and reduce overfitting.

. Decision Trees: A simple yet effective algorithm for
classification tasks, particularly useful for interpretability.
. Gradient Boosting: An iterative algorithm that builds

an ensemble of weak models to improve prediction accuracy.

6.3.2.Model Training

. Training Data: The dataset is split into training and
testing sets, with 80% of the data used for training and 20% for
testing.

. Hyperparameter Tuning: Grid search and cross-
validation are used to optimize the hyperparameters of the
models, ensuring the best possible performance.

. Model Evaluation: The models are evaluated using
metrics such as accuracy, precision, recall, F1-score, and AUC-
ROC.

6.4. Blockchain Integration

6.4.1.Smart Contracts

. Transaction Logging: Smart contracts are deployed
on a blockchain (such as Ethereum) to log detected
cybersecurity events and suspicious activities. These contracts
ensure that flagged incidents are recorded in a tamper-proof
manner, enhancing transparency and trust.

. Automated Alerts: Smart contracts automatically
trigger alerts for suspicious activities, using predefined criteria
such as unusual network traffic patterns or unauthorized ECU
communication.

6.4.2.Decentralized Data Storage
. Data Integrity: By decentralizing data storage, the
system mitigates the risk of fraud within financial institutions
and enhances the trustworthiness of transaction records.
. Transparency: Blockchain-based logging ensures that
all transactions are transparent and can be audited by relevant
stakeholders.

6.5. User Interface and Experience

6.5.1.Dashboard Development
. Interactive Dashboards: Dashboards are developed
using React and Chart.js to provide visualizations of transaction
data, trends, and patterns.
. Real-Time Monitoring: The dashboards are designed
to update in real-time, enabling users to monitor transactions and
detect suspicious activities as they occur.
6.5.2User Authentication
. Clerk Integration: Clerk is used to handle user
registration, login, and session management, ensuring secure
access to the platform.

6.6. Model Validation and Testing

6.6.1.Performance Metrics

. Accuracy: Measures the percentage of correctly
predicted transactions.

. Precision: Evaluates the proportion of true positive
predictions out of all positive predictions.

. Recall: Measures the ability of the model to identify all
relevant instances.

. F1-Score: The harmonic mean of precision and recall,
balancing the trade-off between them.

. Confusion Matrix: A tabular representation of true

positives, true negatives, false positives, and false negatives,
providing insight into prediction errors.

6.6.2Testing
. Cross-Validation: The models are tested using k-fold
cross-validation to ensure robustness and generalizability.
. Real-World Testing: The system is tested on real-
world financial transaction data to evaluate its performance in a
live environment.

6.7. Deployment

6.7.1.Platform Selection
. Visual Studio Code (VS Code): The primary
development environment, providing features like IntelliSense,
debugging, and Git integration.
. Streamlit: A Python library used to create a user-
friendly interface for real-time detection and analysis.

6.7.2.Deployment Process
. Cloud Deployment: The system is deployed on cloud
platforms such as AWS or Google Cloud to ensure scalability
and accessibility.
. Continuous Integration/Continuous Deployment
(CI/CD): CI/CD pipelines are set up to automate the deployment
process, ensuring that updates are rolled out seamlessly.
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6.8. Continuous Learning and Improvement

6.8.1.Feedback Loop
. User Feedback: Feedback from compliance
investigations is used to continuously improve the detection
algorithms.
. Model Retraining: The models are periodically
retrained on new data to ensure they remain effective in
detecting evolving money laundering tactics.

6.8.2.Performance Monitoring

. Real-Time Monitoring: The system continuously
monitors its performance, using metrics such as accuracy,
precision, recall, and F1-score to identify areas for improvement.
. Anomaly Detection: Advanced anomaly detection
techniques are used to identify and address any issues in the
system's performance.
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Fig 6.1: Methodology Flow Chart

VII. DESIGN

7.1. System Architecture

The system architecture for the Al-powered cybersecurity threat
detection platform is designed to provide real-time monitoring,
detection, and analysis of network traffic within modern
vehicles. It ensures efficient anomaly detection, data security,
and scalability through the integration of multiple layers, as
outlined below:

o Data Layer

o Responsibility: The Data Layer is responsible for
collecting and storing the raw data, which includes network
communication logs, ECU (Electronic Control Unit)
interactions, transmission packets, and related metadata (e.g.,
device IDs, IP addresses, geographical data).

o Data Processing: Preprocessing is performed to
handle missing values, filter outliers, and resolve any
inconsistencies in the data. This ensures that the data entering
the system is clean, structured, and high-quality, providing a
solid foundation for analysis.

. Processing Layer

o Responsibility: The Processing Layer handles all data
preprocessing tasks, including feature extraction and feature
engineering. It extracts meaningful features, such as packet size,
communication frequency, and abnormal traffic patterns, to feed
into machine learning models.

o Machine Learning Algorithms: The system uses
algorithms such as Random Forest, Gradient Boosting, and
Support Vector Machines (SVM) for real-time anomaly
detection. These models classify traffic as either normal or
suspicious and are trained using historical vehicle network data
to detect threats such as malware or unauthorized access.

. Blockchain Layer

o Responsibility: The Blockchain Layer logs detected
threats and suspicious activities in an immutable, transparent
manner. By using blockchain technology, the system ensures
that all security events are recorded on a decentralized ledger,
providing a tamper-proof trail for auditing and compliance
purposes.

o Decentralized Ledger: Blockchain is leveraged to
enhance trust and compliance, recording flagged threats with
unique transaction hashes, enabling secure, transparent, and
auditable transaction logs.

. Application Layer

o Responsibility: The Application Layer provides the
user interface for interaction with the system. It includes
dashboards that visualize key metrics such as threat detection
accuracy, system performance, and suspicious activities in the
vehicle network.

o User Interaction: The application allows users (e.g.,
cybersecurity analysts) to investigate flagged activities, interact
with predictive models, and generate reports for regulatory
compliance. It ensures that security teams can take appropriate
action against detected threats in real-time.

. Evaluation Layer

Responsibility: The Evaluation Layer continuously
evaluates the performance of the machine learning
models, ensuring that the threat detection system
maintains high accuracy and minimizes false
positives. The evaluation includes metrics such as:

. Accuracy: Measures the overall correctness
of the detection system.

o Precision: Assesses the relevance of flagged
threats.

o Benchmark Comparison: The system’s results are
compared against established benchmarks in automotive
cybersecurity literature to demonstrate improvements in
anomaly detection, reducing false positives, and increasing
overall security effectiveness.

7.2. Functional Description of the Modules

The system is divided into three key functional modules, each
responsible for a specific aspect of the Al-powered
cybersecurity threat detection platform for automotive networks.
These modules work together to ensure effective threat
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detection, real-time monitoring, and data-driven decision-
making.

7.2.1. Module 1: Data Collection and Preprocessing
Description:
This module is responsible for collecting, cleaning, and
preparing in-vehicle network data for further analysis. The
module aggregates data from various sources, including vehicle
communication logs (CAN bus data), external cybersecurity
threat intelligence feeds, and telemetry data. Preprocessing steps
ensure the data is ready for machine learning model training and
anomaly detection. These steps include:
. Data Collection: Collects network traffic data, vehicle
system interactions, sensor logs, and communication patterns
from multiple sources. This may include in-vehicle diagnostic
systems, external connections to V2X networks, and fleet
management systems.
. Data Cleansing: Preprocessing handles missing
values, outliers, and anomalies in the data. Techniques like
imputation for missing values, outlier detection, and noise
reduction are applied to ensure data quality.
. Normalization: Normalization of network data
ensures that features like packet sizes and transmission
frequencies are scaled appropriately, allowing the machine
learning model to treat all features equally.
. Feature Engineering: Key features are extracted from
raw data, such as packet size, communication frequency, and
vehicle location. These engineered features provide important
information for identifying normal and abnormal activities, such
as unusual communication patterns or unauthorized access.

7.2.2. Module 2:

Development
Description:
This module involves developing and training machine learning
models for anomaly detection and classification of vehicle
network data. It leverages supervised learning techniques to
detect suspicious behaviors in real-time:

Feature Engineering and Model

. Machine Learning Models: Several supervised
learning models are implemented, including:
o Random Forest: An ensemble method that

uses multiple decision trees to detect complex patterns in
vehicular network traffic.

o XGBoost: An optimized gradient boosting
algorithm that iteratively improves weak models to achieve
higher accuracy and reduced false positives.

. Model Training: The models are trained on labeled
datasets, where network traffic patterns are categorized as
normal or suspicious. The system utilizes historical threat data
to improve the detection of emerging threats.

. Model Evaluation: The performance of the models is
evaluated using metrics such as accuracy, precision, recall, and
F1-score. These metrics ensure that the system can accurately
identify cyberattacks while minimizing false alarms.

. Hyperparameter Tuning: To improve the model's
effectiveness, techniques such as grid search and cross-
validation are applied to fine-tune hyperparameters, ensuring
optimal performance in threat detection.

7.2.3. Module 3: Results Analysis and Visualization
Description:
This module is dedicated to analyzing the outputs of the threat

detection models and visualizing the results in an accessible and

actionable format for users. It focuses on interpreting the model's
predictions and providing real-time insights:

. Performance Metrics: The system generates detailed
performance evaluations, including:

o Confusion Matrices: Used to visualize the
performance of classification models, helping identify false
positives and false negatives.

o ROC Curves: To assess the trade-offs
between sensitivity and specificity in the detection of threats.

. Transaction Patterns: Patterns in detected threats and
normal activities are analyzed to identify trends or anomalies
that may indicate evolving attack vectors.

° Real-Time Visualization: Interactive dashboards,
built with tools like React and Chart.js, allow users to visualize
flagged transactions, system performance, and network activity
over time. These visualizations support real-time decision-
making by cybersecurity teams and allow quick investigation of
suspicious activities.

. Threat Detection Improvements: The system
compares its results with traditional automotive cybersecurity
methods, demonstrating significant improvements in detection
accuracy and a reduction in false positives.

VIII. RESULTS

We would like to express our sincere thanks to Prof. Neethu S
Department of Telecommunication Engineering, R. V College
of Engineering, for her invaluable support and encouragement
throughout this study that supported our research and helped us
gain the knowledge, without which the study would have not
been possible.

IX. PERKS OF DETECTION SYSTEM

The Al-powered cybersecurity threat detection system for
automotive networks offers several unique features that set it
apart from traditional security solutions:

. Tailored Security Solutions: Customizable detection
models and monitoring setups that can be fine-tuned to meet
specific vehicle system requirements, attack vectors, and
regulatory standards.

. Real-Time Threat Detection: The system offers swift
identification and response to suspicious network traffic or
unauthorized access, significantly reducing the risk of
cyberattacks, including data breaches, malware, or remote
vehicle hijacking.

. Diverse Data Integration: Integration with multiple
data sources, such as in-vehicle network logs, external threat
intelligence  feeds, and vehicle-to-everything (V2X)
communication, enhances the system's ability to monitor and
protect against a wide variety of cyber threats.

. Machine Learning-Powered Insights: Advanced Al
algorithms continuously adapt to new, unknown cyber threats by
detecting anomalous patterns in communication and vehicle
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system behavior. These models improve detection accuracy over
time, effectively identifying evolving attack methods.

. User-Friendly Interface: A simplified and intuitive
interface allows users—whether cybersecurity professionals,
fleet operators, or automotive manufacturers—to monitor
traffic, respond to alerts, and manage security measures with
ease.

. Blockchain-Based Transparency: All detected
threats and security events are logged in an immutable
blockchain ledger, providing tamper-proof transparency and
auditability of actions taken across connected vehicles.

. Flexible Engagement: Users can engage with the
platform through real-time monitoring, periodic reviews, or in-
depth analytics, allowing for flexibility in how threats are
detected and addressed.

. Continuous Improvement: The system incorporates
feedback loops where insights from security incidents and user
actions are used to continuously refine and enhance threat
detection algorithms.

. Comprehensive Analytics: Interactive dashboards
and advanced analytics help users visualize traffic patterns,
detect anomalies, and make data-driven decisions to enhance
vehicle security.

. Community Support: The platform encourages
collaboration among cybersecurity professionals in the
automotive industry, sharing best practices, lessons learned, and
the latest threat intelligence.

. Career Advancement: By utilizing the platform, users
enhance their cybersecurity skills, advancing their professional
standing within the automotive and cybersecurity sectors.

. Empowerment: With the help of cutting-edge Al-
powered tools, compliance teams are empowered to proactively
defend against cyber threats and secure vehicle systems more
effectively.

. Dual Mode Operation: Users can seamlessly switch
between automated threat detection and manual review modes,
offering flexibility in how vehicle network activities are
monitored and analyzed.

X. CONCLUSION AND FUTURE ENHANCEMENT

10.1 . Conclusion

The Al-powered cybersecurity threat detection system for
automotive networks is a groundbreaking solution designed to
address the growing challenges of securing modern connected
and autonomous vehicles. By leveraging cutting-edge
technologies like machine learning, real-time monitoring, and
blockchain-based transparency, the system provides a
comprehensive framework to protect vehicle systems from
evolving cyber threats.

The platform's ability to detect anomalies in network traffic,
identify unauthorized access, and mitigate potential malware
attacks ensures a high level of protection for both vehicles and
their occupants. Its scalable architecture, adaptive learning
models, and user-friendly interface make it an invaluable tool
for automotive manufacturers, cybersecurity professionals, and
fleet operators.

As the automotive industry continues to embrace connectivity
and automation, this system is poised to play a pivotal role in
ensuring the security and integrity of intelligent transportation
systems. The ongoing integration of real-time data, deep
learning models, and blockchain security will further enhance
the system's capabilities, positioning it as a leading solution for
vehicle cybersecurity in the years ahead.

As cybersecurity challenges in the automotive industry continue
to evolve, this Al-powered threat detection system will remain
at the forefront of efforts to safeguard against emerging threats,
ensuring a safer and more secure driving experience for all.

10.2. Limitations of the Project

. Dataset Dependency: The performance of the Al-
powered threat detection system is highly dependent on the
quality, diversity, and volume of the dataset used for training the
machine learning models. Limited data variability or bias in the
training data could affect the system’s ability to generalize and
detect emerging cyber threats in real-world scenarios. New
attack vectors may not be captured if the dataset does not
adequately represent evolving threats.

. False Positives: Despite employing advanced
algorithms and feature engineering techniques to minimize false
positives, some false alarms may still occur. These false
positives can lead to unnecessary investigations or alerts, which
could strain resources and potentially reduce operational
efficiency, especially in real-time monitoring environments.

. Scalability Issues: The system's ability to handle
extremely large datasets generated by connected and
autonomous vehicles in real-time may present scalability
challenges. As the volume of in-vehicle data increases with more
vehicles on the road, additional computational resources and
infrastructure (e.g., cloud services, edge computing) may be
required to maintain optimal performance and responsiveness.

. Model Interpretability: While efforts were made to
enhance the transparency of the models, complex machine
learning techniques like Random Forest and Deep Learning can
still pose challenges in providing fully explainable decisions.
For stakeholders who require clear, human-readable
explanations (e.g., cybersecurity analysts, regulators), the
"black-box" nature of certain algorithms may limit trust and
understanding of model predictions.

10.3. Future Enhancements

To improve the scope and applicability of the project, several
enhancements can be implemented in the future:

. Dataset Expansion: To enhance the robustness and
generalizability of the system, larger and more diverse datasets
should be collected. These datasets can include a wider range of
attack scenarios, vehicle network types, and real-world
conditions, enabling the system to adapt more effectively to new
and evolving cyber threats.

. Incorporation of Real-time Data: Integrating
continuous real-time data streams from vehicles, including
network traffic, sensor data, and external communication
systems, would enable 24/7 monitoring and detection of
potential cyber threats as they occur. Real-time data integration
would further improve the system's ability to act on anomalies
without delay.
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. Advanced Model Techniques: Exploring advanced
machine learning models such as deep learning and hybrid
approaches could significantly improve detection accuracy.
Techniques like Convolutional Neural Networks (CNNs) or
Recurrent Neural Networks (RNNs) could enhance the
system's ability to detect complex, time-series data patterns,
making it more adaptable to unknown attack vectors.

. Explain ability Improvements: To address the
interpretability challenges of complex models, integrating tools
like SHAP (SHapley Additive exPlanations) could improve
the transparency and explainability of the predictions. SHAP
values would help provide understandable reasons behind each
decision, making it easier for cybersecurity teams to trust the
system’s findings.

. Scalability Solutions: Leveraging cloud-based
platforms and distributed computing solutions would allow
the system to efficiently process large-scale datasets from a
growing number of connected and autonomous vehicles. Cloud
platforms would also ensure that the system remains scalable as
the number of vehicles and amount of data increase over time.

. Integration  with  Blockchain:  Incorporating
blockchain technology for secure, decentralized storage of
threat data and system logs would enhance transparency and
tamper-proofing. Blockchain could also be used to ensure that
all detected threats are logged immutably, fostering trust and
accountability in the system.

. Feedback Loops: Implementing a feedback
mechanism to refine the model based on user input and evolving
fraud techniques.

XI. SNAPSHOTS OF RESULTS
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