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Abstract—This project focuses on the critical public 

health issue of road traffic accidents in India. This 

project addresses the pressing public health challenge of 

road traffic accidents in India, which result in substantial 

economic losses and fatalities. It utilizes machine 

learning techniques to predict the severity of accidents 

based on a comprehensive dataset. The analysis focuses 

on key features such as accident severity, the number of 

victims, and the types of vehicles involved. The dataset is 

pre-processed to eliminate missing values and irrelevant 

features, ensuring that the models receive high-quality 

input. Three classification algorithms Random Forest, 

K-Nearest Neighbors (KNN), and Logistic Regression-

are employed to assess the likelihood of accidents 

occurring. The models are evaluated for accuracy, 

providing valuable insights into the factors most closely 

linked to severe accidents. The primary objective is to 

create a predictive model capable of identifying high-risk 

scenarios, which would facilitate timely interventions to 

mitigate the frequency and impact of traffic accidents. 

The results emphasize critical factors that influence 

accidents and propose strategies for prevention, 

ultimately contributing to safer roadways. 

Index Terms— Traffic Accident Prediction, Machine 

Learning, Road Safety, Random Forest, KNN, Logistic 

Regression, Data Analysis. 

I. INTRODUCTION 

Road accidents are becoming a major global issue, killing 

thousands, injuring people, destroying property annually. 

The World Health Organization reports that over 1.35 

million people die every year as a result of injuries resulting 

from road traffic, placing them at the top of the list of fatal 

cases within the world. Besides the loss of life, there are 

millions of non-fatal injuries resulting from accidents on 

roads. It leads to lifelong disabilities, psychological trauma, 

and economic burdens on victims as well as their families. 

The cost to the economy is also enormous; it runs countries 

up to 3% of their GDP, as per global estimates. Despite 

vigorous efforts at improving the safety on roads through 

infrastructure, vehicle technology, and traffic laws, 

accidents are still a sad reality. Among the major challenges 

is the time delay in detecting. Sometimes, accidents happen 

due to accident and the delay time between the accident and 

the response by emergency services, particularly in rural and 

remote areas. In most cases, the delay between detection of 

an accident and the response by the emergency services has 

resulted in unnecessary loss of life. The quicker the response 

in such situations, the quicker it will be to administer 

immediate medical attention to those involved, prevent 

further accidents, and minimize injury. The new 

developments in both field sensor technologies and machine 

learning are forcing the agenda for more emphasis on the 

application of such technologies for improvements in road 

safety. Real-time monitoring of road accidents is one 

promising application. The proposed systems use sensors 

found in vehicles and mobile phones, such as 

accelerometers, gyroscopes, and GPS, to monitor the driving 

patterns and monitor any anomaly suggestive of an accident 

or crash. With machine learning algorithms, the system can 

consider patterns in data to identify occurrences of accidents 

with high accuracy. This project intends to design a road 

accident prediction system based on machine learning 

models with trained data using real-time sensor information. 

The system must contain sensors continuously gathering 

data as follows: 

Such vehicle dynamics as acceleration, braking, speed, and 

location might be processed through machine learning 

algorithms to detect anomalies typically associated with 

accidents, such as sudden deceleration, high-impact 

collisions, or abrupt changes in direction. 

II. LITERATURE REVIEW 

The field of accident detection systems has been transformed 

by machine learning, providing sophisticated techniques for 

handling and examining extensive datasets with the goal of 

enhancing precision and safety. Different machine learning 

methods have been incorporated into accident detection 

systems to recognize patterns, foresee accidents, and adapt 

seamlessly to evolving road conditions and driver actions. In 

this exploration, we delve into the fundamental machine 

learning algorithms frequently applied in accident detection, 

emphasizing their advantages and impact on enhancing 

system efficiency. 

1. The concept known as Random Forests. 



© December 2024 | IJIRT | Volume 11 Issue 7 | ISSN: 2349-6002 

IJIRT 170333   INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY    129 

Random Forests represent an ensemble learning approach 

where various decision trees are merged to generate 

predictions. The system operates by training multiple 

decision trees on various subsets of the data, and then 

combining their results to make a final prediction. This 

particular method boosts the precision of the system by 

mitigating overfitting, which is a prevalent problem in cases 

where models depend on just one decision tree. Random 

Forests excel at managing high-dimensional data, a common 

scenario in accident detection systems incorporating diverse 

sensor inputs like accelerometers, gyroscopes, and GPS 

data. The method is well-regarded for its capacity to manage 

extensive, noisy datasets and discern intricate connections 

among sensor readings, which renders it a favored option for 

enhancing accident detection systems. 

2.Support Vector Machines, often referred to as SVM. 

Support Vector Machines belong to a group of supervised 

learning models adept at accurately categorizing data into 

separate groups, for example, distinguishing between 

accident and non-accident situations. Support Vector 

Machines operate by identifying the hyperplane that most 

effectively distinguishes various classes within a feature 

space of high dimensionality. Within accident detection, 

Support Vector Machines (SVMs) prove to be quite effective 

in recognizing the contrast between regular driving behavior 

and signals that point towards an accident, like abrupt 

slowdowns or unusual vehicle maneuvers. They demonstrate 

exceptional performance in high-dimensional spaces, where 

various features such as speed, acceleration, and vehicle 

orientation are utilized to ascertain if an accident has taken 

place. Support Vector Machines (SVMs) serve as strong 

classifiers, effectively elevating the precision and 

dependability of accident detection, especially in situations 

involving intricate nuances distinguishing between usual 

and unusual behaviors. 

3. Neural Networks 

Neural Networks, particularly sophisticated models such as 

Convolutional Neural Networks (CNNs) and Recurrent 

Neural Networks (RNNs), play a key role in modern 

accident detection systems. Convolutional Neural Networks 

(CNNs) excel in processing images and videos, enabling 

them to promptly analyze live camera feeds to identify 

occurrences linked to accidents, like vehicle collisions or 

sudden pedestrian crossings. CNNs have the ability to 

recognize visual patterns, allowing them to categorize 

objects and activities on the road. This enables them to give 

important details regarding an accident, like the existence of 

debris, traffic congestion, or potential dangers.On the flip 

side, RNNs are crafted to process sequential data, 

positioning them perfectly to analyze time-series data 

gathered from sensors. For instance, RNNs are capable of 

identifying trends in vehicle speed or acceleration 

progression and forecasting possible crash occurrences by 

analyzing past records. CNNs and RNNs have the ability to 

automatically derive important features from raw data, 

eliminating the requirement for manual feature engineering. 

This capability enhances their adaptability and precision in 

real-time accident detection. Continuous enhancement 

through adaptive learning. An important benefit of utilizing 

machine learning in accident detection lies in its capacity to 

glean insights from past data and evolve seamlessly over 

time. Through the examination of previous accidents, these 

algorithms have the capability to recognize patterns such as 

prevalent types of accidents, common crash scenarios, and 

unsafe driving tendencies. As additional data is acquired, the 

models can enhance their predictions, leading to increased 

accuracy with time. This adaptive learning process plays a 

vital role in ensuring that the system remains up-to-date with 

changing road conditions, traffic flows, and driver actions, 

thus improving its capability to identify accidents in real-life 

situations. 

III. METHODOLOGY 

Overview of the Proposed Approach: 

3.1 Introduction to Methodology:The methodology 

employed in this project involves a systematic approach to 

designing, training, and evaluating a road accident 

prediction system. The focus is on utilizing machine learning 

algorithms to process real-world accident data and predict 

the likelihood of accidents in various scenarios. Key steps 

include data collection, preprocessing, model training, and 

testing. 

3.2 Methodology to be Used: 

1. Data Collection 

• Sources: 

 Public Datasets: Historical accident data containing 

attributes such as accident severity, road types, weather 

conditions, and vehicle movement patterns. 

 Simulated Data: Synthetic sensor data, generated to 

simulate accident scenarios, supplementing real-world 

datasets. 

• Attributes: The collected data includes key features like 

speed, acceleration, road conditions, time of day, and 

vehicle movement patterns. 

 

2. Data Preprocessing 

• Data Cleaning: 

 Remove noise, outliers, and irrelevant features to 

ensure data quality. 

 Handle missing values using imputation techniques. 

• Feature Engineering: 

 Extract relevant features such as sudden braking, 

collision angles, and high-speed variations. 

• Normalization: 

 Scale numerical data to a uniform range for improved 

model training and performance. 

• Categorical Encoding: 
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 Transform categorical features like weather and road 

types using OneHotEncoding for compatibility with 

machine learning models. 

 

3. Model Training 

• Algorithms: 

 Random Forest: An ensemble learning algorithm used 

for its robustness and ability to handle high-

dimensional data. 

 Logistic Regression: A simple yet effective algorithm 

for binary classification, used as a baseline. 

 Support Vector Machine (SVM): Chosen for its ability 

to classify accident and non-accident scenarios in high-

dimensional spaces. 

• Hyperparameter Tuning: 

 GridSearchCV was applied to systematically explore 

hyperparameter combinations for each algorithm. 

 Random Forest: Tuned parameters include the number 

of estimators, maximum depth, and minimum samples 

per split. 

 Logistic Regression: Regularization strength (C) and 

solvers (e.g., liblinear, lbfgs). 

 SVM: Kernel types (linear, RBF) and regularization 

parameters (C, gamma). 

• Selection of Final Model: 

 After evaluating the models using performance metrics, 

the algorithm with the best results in accuracy, 

precision, recall, and F1-score was selected for 

deployment. 

 

4. Model Evaluation 

• Performance Metrics: 

 Accuracy: Overall correctness of predictions. 

 Precision: Fraction of true positive predictions, critical 

for minimizing false alarms. 

 Recall: Ability to detect all relevant accident cases. 

 F1-Score: Balances precision and recall, particularly 

important for imbalanced datasets. 

• Evaluation Strategy: 

 Models were tested on unseen data to ensure 

generalization. 

 Cross-validation techniques were employed to avoid 

overfitting and obtain a robust estimate of model 

performance. 

 

3.3 Test Methodology 

1. Real-Time Testing:Deployed the selected model to 

analyze real-time vehicle sensor data.Tested the system 

under different driving conditions, including adverse 

weather, varied road types, and heavy traffic scenarios. 

2. Functional Testing:Verified that the accident prediction 

system accurately detects incidents and triggers alerts. 

3. Performance Testing:Evaluated the system’s ability to 

handle simultaneous data streams from multiple vehicles 

and maintain accuracy under high workloads. 

4. Security Testing:Ensured that sensitive user and vehicle 

data is securely processed and stored. 

5. Usability Testing:Assessed the user interface for 

emergency responders to ensure timely and clear 

communication of alerts. 

IV. MODEL AND ARCHITECTURE 

 

BLOCK DIAGRAM 

INPUT MODULE: 

The input module makes collection and processing of data 

integral to the detection of accidents. Sources may include 

video footage from traffic cameras, vehicle sensor signals 

like GPS, accelerator, and gyroscope, or telematics data 

directly through the connected device or mobile apps. This 

module is crucial for capturing the data necessary for 

accident detection. Data validation methodology checks the 

data for completeness and quality. It looks out for missing 

video frames or faulty sensor readings, among others. 

Following validation, the input module formats the data in a 

useable form of the general system. For instance, a video will 

be presented in frames, while sensor data is already 

presented in usable metrics. These inputs are then forwarded 

to the preprocessing module for further fine-tuning and 

preparation 

PREPROCESSING MODULE: 

The preprocessing module is usually a very important 

module for cleaning and preparing data before processing by 

machine learning models. The tasks involved are noise 

elimination in video input streams, the filtering of blurred or 

corrupted frames caused by environmental factors such as 

rain or fog, and cleaning up irregularities in sensor signals. 

It normalizes data so that input variables, such as sensor 

readings or pixel values, are scaled uniformly for the 

machine learning model to process them appropriately. For 

instance, in video, it divides video into frames and detects 

key objects like vehicles or pedestrians. For the sensor data, 

it categorizes data into applicable windows of time to realize 

patterns of interest. Preprocessed essential features like a 

vehicle's speed, sudden deceleration, or tilt angle are 

forwarded to the ML Algorithm Module for accident 

detection. 

 ML ALGORITHM MODULE: 
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In the middle of the system lies the ML Algorithm Module. 

It uses real-time machine learning algorithms for road 

accident detection. This module is actually trained over a 

vast amount of datasets that are both accident and non-

accident scenarios and applies the most advanced video 

analytics algorithms such as Convolutional Neural Networks 

(CNN) for video data and Support Vector Machines (SVM) 

or Random Forest models for sensor data. The CNNs 

identify visual cues such as sudden vehicle collisions and 

erratic movements, and the SVM or Random Forest makes 

analysis on real-time telemetry data against rapid 

decelerations, sharp turns, and abnormal vehicle behaviors. 

The already trained model keeps processing the incoming 

preprocessed data and flags when a similar pattern with an 

accident occurs. Each detection is associated with a 

confidence score, which lowers the number of false positives 

while ensuring that only high-probability events result in any 

action. Accidents and their corresponding confidence scores 

are forwarded to the alert system for further action. 

ALERT SYSTEM MODULE: 

The alert system module generates and dispatches 

emergency alerts when an accident has been detected. This 

module takes the outputs of the ML Algorithm Module, 

which include location (from GPS), time, and the severity of 

the accident, to generate detailed reports. These reports are 

automatically transmitted through APIs or mobile networks 

to services like ambulances, fire departments, or local law 

enforcement. Advanced models can even interface directly 

with 911 or any given local emergency protocols to be sure 

of a faster response time. The alert system also 

communicates with nearby drivers through vehicle 

communication networks, warning them about roadblocks or 

other hazards ahead. All accident events are logged in a 

cloud-based database, and the system can be used to analyze 

trends and improve traffic safety in the future. The alert 

module interfaces with external systems like emergency 

APIs or cloud services to ensure timely action and proper 

coordination. 

V.RESULT ANALYSIS 

Accuracy, precision, recall, and F1 score were the metrics 

used to evaluate each machine learning model's efficiency in 

predicting traffic accidents. Due to possible overfitting on 

complex datasets, the Decision Tree model, which is known 

for its interpretability, showed moderate accuracy but lacked 

generalizability. Although it did a good job of recognizing 

trends, K-Nearest Neighbors (KNN), which clusters data 

according to feature similarity, was highly computational 

and therefore less appropriate for larger datasets. The Naïve 

Bayes classifier, which used probability-based 

classification, was very fast and effective, but because it 

assumed feature independence, it was unable to capture 

complex connections.AdaBoost emerged as the best-

performing model, with the highest robustness and 

prediction accuracy. It increased the overall model precision 

by iteratively focusing on examples that were incorrectly 

classified, making it extremely dependable for use in 

accident prediction in the real world.The results of feature 

analysis showed that the weather and the time of day were 

important predictors of the possibility of accidents. The peak 

traffic hours and adverse weather conditions (such as rain or 

fog) were associated with a higher frequency of accidents. 

These factors, together with road types and traffic density, 

provided important new information, showing that temporal 

and environmental factors have a significant influence on 

road safety. The model's ability to precisely identify high-

risk situations and provide preventive measures is proven by 

this investigation. 

VI. SCOPE FOR IMPROVEMENT 

The predictive accuracy and relevance of the model can be 

greatly increased by incorporating real-time data sources, 

such as weather sensors, GPS data, traffic cameras, and 

vehicle telematics.Instead of depending only on past data, 

the model may constantly modify its predictions based on 

current conditions by integrating these live data sources 

through APIs. In high-risk situations, this real-time data 

integration may prevent accidents or provide signals for 

immediate action by enabling early warnings and actionable 

insights for drivers, traffic management centers, and 

emergency responders. Investigating advanced machine 

learning methods like deep learning is crucial to improving 

prediction accuracy even more. Complex, non-linear 

interactions within huge datasets can be captured by neural 

networks, particularly recurrent neural networks (RNNs) for 

time-series data and convolutional neural networks (CNNs) 

for image data (such as from traffic cameras). Subtle patterns 

and relationships between features, like the way specific 

weather patterns affect traffic flow to raise the likelihood of 

accidents, can be found using these models. Furthermore, to 

increase robustness and predictive ability, ensemble 

approaches like stacking and blending deep learning models 

can be applied.  

VII. CONCLUSION 

In conclusion, the Road Accident Detection using Machine 

Learning project represents a significant step forward in 

enhancing road safety through predictive analytics. A robust 

system based on integration is the main objective of the 

system; machine learning algorithms may evaluate both 

current and past data to forecast potential traffic incidents. 

This has all been achieved through feature engineering, 

model training, and extensive data collection. It 

demonstrates clearly that the project may be reinforced by 

including data from other sources, including weather, traffic 

density and conditions, and all other accident records. This 

indicates that the study was successful in developing a 

system that predicts traffic accidents, which will make the 

roadways a safer place. In order to overcome the present 

obstacles in road safety, the system will continue to be 

sustainable and useful through continuous model 

improvement when compared to new data sources. 
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