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Abstract: The integration of Artificial Intelligence (Al) in
navigation and accident prevention systems holds
significant promise for enhancing road safety and
improving the efficiency of transportation systems,
particularly in high-risk environments. This paper presents
a novel approach to accident prevention by utilizing Al
techniques in conjunction with existing navigation
technologies such as Global Navigation Satellite Systems
(GNSS) and Inertial Navigation Systems (INS). We
propose a framework that leverages real-time data from
multiple sources, including loT-connected road sensors,
vehicle diagnostics, and environmental inputs, to predict
and mitigate accident risks in high-speed corridors and
other critical areas. The system incorporates features such
as dynamic accident zone alerts, adaptive speed warnings,
real-time traffic and weather updates, and integration with
Advanced  Driver  Assistance  Systems  (ADAS).
Additionally, we explore the use of Al in traffic flow
prediction and adaptive route planning, emphasizing
machine learning models and deep learning algorithms to
improve the accuracy of navigation systems during GNSS
outages and in areas with high accident frequencies.
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INTRODUCTION

The increasing complexity of road transportation and
the growing number of vehicles have contributed to a
rise in accidents, particularly on high-speed corridors
and in urban areas. Globally, road traffic accidents are
a leading cause of fatalities, claiming millions of lives
annually. In India, where national highways and
expressways are critical for inter-city travel, factors
like over-speeding, poor road conditions, and
inadequate traffic management significantly heighten
accident risks. This underscores the urgent need for
innovative road safety solutions.

Traditional accident prevention methods, such as
infrastructure improvements and traffic regulations,
often fail to address real-time challenges effectively.
With advancements in Artificial Intelligence (Al),
particularly in navigation and predictive safety

IJIRT 171013 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY

systems, new possibilities have emerged for accident
prevention. Al technologies like machine learning
(ML) and neural networks offer dynamic, adaptive
approaches to traffic management, enabling real-time
decision-making to mitigate accident risks.

Al-powered navigation systems that integrate Global
Navigation Satellite Systems (GNSS) and Inertial
Navigation Systems (INS) enhance accurate position
tracking, even in challenging environments. Predictive
Al models analyze historical accident data, road
conditions, vehicle diagnostics, and environmental
factors to identify high-risk areas, provide adaptive
speed controls, and issue weather-based warnings.
Advanced Driver Assistance Systems (ADAS) further
enrich this safety framework.

This research proposes an Al-powered navigation and
accident prevention system combining real-time data,
predictive analytics, and intelligent decision-making
to reduce accidents and enhance road safety. Key
features include accident zone alerts, adaptive speed
limits, real-time traffic updates, and vehicle diagnostic
integration. By addressing gaps in current safety
measures, the study aims to create a scalable, Al-
driven system for
transportation across highways and urban networks.

safer and more efficient

Related Study

Early studies in the 2000s and 2010s examined
integrating Global Positioning Systems (GPS) with
Inertial Navigation Systems (INS) using Al to address
system limitations. Neural networks were applied to
model nonlinear sensor errors, improving navigation
in environments with intermittent GPS signals, such as
urban canyons. Hybrid approaches, combining
Kalman Filters with neural networks, effectively
managed GNSS signal outages and sensor drift, laying
the groundwork for advanced data fusion methods.

From 2011 to 2016, supervised and unsupervised

learning models gained prominence. Clustering and
regression algorithms analysed historical traffic data
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for congestion prediction and route optimization.
Early accident prevention models, built using logistic
regression and decision trees, identified high-risk
zones based on road geometry, historical accident data,
and environmental factors.

Deep learning advancements from 2017 to 2020
introduced Convolutional and Recurrent Neural
Networks (CNNs and RNNs, including LSTM) for
real-time navigation. These models improved
GNSS/INS integration by modelling temporal and
spatial dependencies. IoT-enabled real-time data from
sensors, vehicles, and weather systems enhanced
predictive capabilities, enabling dynamic routing and
congestion alerts. Al-driven Advanced Driver
Assistance Systems (ADAS) features, like lane
departure warnings and adaptive cruise control,
significantly reduced accident rates.

Recent research emphasizes collaborative approaches,
using crowd-sourced data and reinforcement learning
optimization.  Emerging
technologies, including blockchain for secure data

for real-time route
sharing and digital twins for navigation simulations,
ensure scalable and reliable Al-driven solutions.

Advancements in Navigation and Accident Prevention
Systems

Current navigation and accident prevention systems
address challenges in isolation, limiting overall
effectiveness. GNSS/INS integration with Kalman
Filters ensures positional accuracy but struggles in
nonlinear environments, while CNNs and RNNs
improve data fusion with high computational costs.
Advanced Driver Assistance Systems (ADAS) focus
on vehicle-based sensors, overlooking broader
environmental factors. Predictive accident models
employ static algorithms like logistic regression,
failing to adapt to real-time variables. loT-enabled
systems provide traffic updates, yet fragmented

integration results in incomplete insights.

In Contrast, the proposed unified Al framework
revolutionizes systems
GNSS/INS fusion, predictive analytics, and real-time
data for dynamic safety. Leveraging IoT, blockchain,
and advanced ADAS, the system introduces accident
zone alerts, adaptive speed monitoring, weather-based
warnings, and modular scalability. Key advancements
include CNN-GRU-based GNSS/INS fusion, unified
IoT data integration, dynamic machine learning for

these through integrated

accident predictions, proactive navigation, and
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comprehensive safety alerts, addressing existing
limitations effectively.

METHODOLOGY

The proposed system methodology integrates
advanced machine learning, loT-driven real-time data
acquisition, and predictive analytics, detailing
components, workflows, and analytical techniques for
scalable and robust accident prevention. The System
Design consists of the following layers

1. Data Collection:

The data collection process integrates various inputs to
provide comprehensive situational awareness. Key
inputs include GNSS/INS readings for position and
velocity, loT-connected road sensors to monitor real-
time conditions such as potholes and traffic density,
and vehicle diagnostics via On-Board Diagnostics
(OBD-II) for assessing mechanical health. Weather
data fetched from external APIs contributes to
visibility and traction analysis, while historical
accident data, encompassing road geometry, traffic
volume, and accident reports, enhances predictive
capabilities. The data collection layer sources
information from GNSS/INS systems for real-time
positioning, 10T sensors for environmental and road
condition monitoring, OBD-II inputs for vehicle
diagnostics, and crowd-sourced reports for hazard
identification.

2. Data Processing:

Data processing ensures raw data is refined and
actionable. Kalman Filters are applied to smooth
GNSS/INS signals, eliminating noise and improving
accuracy. Additionally, a CNN-GRU hybrid model
extracts spatial and temporal features, facilitating the
integration of multi-modal data for real-time analysis.

3. Prediction Layer:

The prediction layer employs advanced Al models to
assess accident risks and optimize navigation. Multi-
Layer Perceptron (MLP) models evaluate accident risk
based on real-time variables, while logistic regression
predicts the probability of accidents using dynamic
inputs like speed and lighting. These predictive
techniques provide proactive safety measures tailored
to current conditions.
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¢ 1t 5. Functional Workflow
r(t) =1y +J’ v(r) dI+EJ’ a(r) dr?

Equation 1 - Position estimation during GNSS outages, The system integrates GNSS, 10T, and vehicle data for
where r is the position vector, v is velocity, and a is acceleration derived real-time situational awareness. Al models assess risks
from INS . R .
and recommend routes, while voice and visual
notifications deliver hazard warnings, adaptive speeds,
and emergency guidance.

h, = GRU(x;, h,_y)
Equation 2 - Dynamic Speed Recommendations 6. Analytical Techniques

where b, is the hidden state. and x, is the input vector af time t.

Accident risk modelling leverages logistic regression
4. Decision-Making: to calculate accident probabilities, where risk factors

such as over-speeding and lighting serve as inputs, and
The decision-making process involves identifying  coefficients are derived from historical data. Route
accident-prone zones and issuing alerts to drivers. The optimization is achieved using the A* algorithm,
A* algorithm calculates optimal routes based on live  which estimates the safest and most efficient path by
data, ensuring safe and efficient navigation. This layer combining known costs and heuristic estimates.
integrates analytical insights to dynamically adapt to Dynamic speed adjustments are implemented through
changing road and traffic conditions. gradient descent, enabling real-time updates to neural
network weights to minimize risk.
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Fig 1 - Risk Intensity Comparison Across Zones
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7. Innovative Features

Key innovations include CNN-GRU models for
precise GNSS/INS fusion, 10T enabled real time road
updates, and multi-layered accident prediction models
that merge historical data with real-time inputs,
ensuring proactive and adaptive safety measures.

8. Evaluation Metrics

The system is evaluated using accuracy (GNSS/INS
data fusion and accident prediction precision), latency
(alert response time), user satisfaction (feedback on
alert relevance and usability), and system reliability
(fault tolerance during high data loads).

Performance Comparison of Systems
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Fig2 - Performance Comparison of Systems

RESULTS

The Al-powered navigation and accident prevention
system was tested through simulations and real-world
trials, demonstrating strong performance across key
metrics:

1. Navigation Accuracy: The CNN-GRU model
achieved 98.7% accuracy during GNSS outages,
reducing position drift errors by 45% compared
to standalone INS systems.

2.  Accident Risk Prediction: Logistic regression
and MLP models identified accident-prone zones
with 96% precision and 93% recall.

3. Routing and Traffic Optimization: The A*
algorithm provided real-time alternate routes
with 1.8-second latency, reducing delays by
30%.

4. User Feedback: 85% of users found alerts
helpful, with 90% satisfaction from multilingual
voice alerts.

5. Scalability: Edge computing-maintained latency
under 200 ms, and federated learning reduced
server load by 40%.

1

P(Accident) = 71 o T

Equation 3 - Logistic regression for determining accident probability
where are risk factors (e.g.. over-speeding, lighting). and f; are coefficients learned
from historical data.

CONCLUSION

The integration of Al in navigation and accident
prevention significantly enhances road safety and
efficiency. This proposed system demonstrated
improved GNSS/INS accuracy, proactive risk
mitigation, and adaptive routing. With superior
accident prediction, real-time alerts, and user
satisfaction, the system addresses existing limitations.
Its scalability ensures applicability in complex
networks, while future work will focus on data
reliability, infrastructure, and user adaptation. Future
research could focus on developing frameworks that
combine Al-driven navigation and accident
prevention, applying technologies like IoT,
blockchain, and 5G connectivity to enable scalable
and adaptive systems.
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