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ABSTRACT: Road traffic accidents are a major public safety issue in developing countries like India, where 

increasing urbanization and vehicle density lead to frequent fatalities and injuries. Many accidents repeatedly occur at 

specific locations known as accident blackspots. Traditional identification methods are manual, time-consuming, and 

prone to bias. This project proposes a Machine Learning–based Blackspot Detection System that uses accident records, 

traffic data, environmental factors, and geospatial information. After data preprocessing and feature engineering, 

clustering and classification algorithms such as K-Means, DBSCAN, and Random Forest are applied. GIS-based 

visualization highlights high-risk zones, supporting data-driven road safety planning and intelligent transportation 

systems. 
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I. INTRODUCTION 

 

Road business accidents constitute a critical public safety challenge across the globe, particularly in developing 

countries  similar as India, where  rapid-fire urbanization, population growth, and a steady increase in vehicle power 

have significantly  boosted business traffic. According to  public road safety statistics, a large proportion of fatal 

andnon-fatal accidents  do  constantly at specific road  locales, generally appertained to as accident blackspots. These  

locales are characterized by a high  frequence and  inflexibility of crashes due to factors  similar as poor road  figure,  

shy signage, business violations, environmental conditions, and  inadequate business  operation  structure.  

 

 Conventional approaches for  relating accident blackspots are largely dependent on homemade  checks, fixed statistical 

thresholds, and retrospective analysis of  literal accident records. While these  styles have been used for decades, they 

suffer from several limitations. They're time- consuming, labor- ferocious, reactive in nature, and  frequently fail to 

capture complex nonlinear  connections among multiple contributing factors. also, traditional  ways warrant scalability 

and rigidity, making them  infelicitous for  assaying large and continuously growing datasets generated by  ultramodern 

business systems. With the  rapid-fire advancement of data collection technologies and the vacuity of large- scale 

accident and business datasets, machine  literacy( ML) has  surfaced as a promising  result for intelligent road safety 

analysis. Machine  literacy  ways are able of automatically discovering  retired patterns, correlations, and  threat factors 

from multidimensional data, enabling more accurate and  visionary identification of accident-prone zones. By 

incorporating geospatial information, temporal trends, business inflow characteristics, and environmental conditions, 

ML- grounded systems can significantly enhance the effectiveness of blackspot discovery.  

 

 This  exploration focuses on the development of a Machine literacy – grounded Accident Blackspot Detection System 

aimed at  perfecting the  delicacy,  effectiveness, and  trustability of  relating high-  threat road  parts. The proposed 

system utilizes  miscellaneous datasets  similar as police- reported accident records, road  structure details, business  

viscosity data, and geographical  equals. These datasets  suffer methodical  preprocessing, including data cleaning, 

normalization, missing value  running, and geocoding, to  insure data quality and  thickness. point engineering  ways 

are applied to  prize meaningful attributes related to accident  frequence,  inflexibility, time- of- day patterns, and 

spatial distribution.The  design employs both unsupervised and supervised  literacy  ways to  dissect accident data. 

Clustering algorithms are used to  descry spatial  attention of accidents, while bracket models assess the  threat  

situations associated with different  locales. To support decision-  timber and real- world  perpetration, the  linked 

blackspots are  imaged using Civilians- grounded mapping tools. The  issues of this  exploration  end to  help business 

authorities, civic itineraries, and policymakers in  enforcing targeted safety measures, optimizing resource allocation, 

and eventually reducing road business accidents and associated losses. 
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II. RELATED WORK   

 

Identification of road accident blackspots has been extensively studied to enhance road safety and reduce traffic 

fatalities. Initial research primarily relied on traditional statistical approaches, including accident frequency analysis, 

accident rate methods, and severity index calculations. Models such as Poisson and Negative Binomial regression were 

widely used to analyze historical crash data. Although effective for basic analysis, these methods are limited in 

handling nonlinear relationships among multiple contributing factors.With the advancement of spatial technologies, 

Geographic Information Systems (GIS) were introduced for blackspot analysis. GIS-based techniques such as Kernel 

Density Estimation (KDE) and spatial clustering methods enabled visualization of accident-prone regions by analyzing 

spatial distributions of crash data. However, these approaches are mostly descriptive in nature and lack predictive 

capability, restricting their usefulness for proactive accident prevention. Recent research has increasingly focused on 

machine learning-based techniques to overcome these limitations. Supervised learning algorithms such as Decision 

Trees, Random Forests, Support Vector Machines (SVM), and K-Nearest Neighbors (KNN) have been applied to 

classify road segments based on risk levels. Among these, Random Forest models have shown improved accuracy due 

to their robustness against noise and ability to handle complex feature interactions. 

 

Furthermore, deep learning approaches, including Artificial Neural Networks (ANN) and Convolutional Neural 

Networks (CNN), have been explored for accident prediction and spatial feature extraction using large datasets and 

satellite imagery. These methods provide high prediction accuracy but require extensive computational resources and 

large labeled datasets. More recent studies integrate real-time data sources such as traffic sensors, GPS data, and 

weather information to dynamically identify blackspots. Despite these advancements, challenges such as data 

imbalance, model interpretability, and real-time deployment remain. The proposed system builds upon existing work by 

leveraging machine learning for accurate and scalable blackspot detection. 

 

III. WORKING OF MODEL  

 

Step 1: Data Collection 

Collect accident-related data from authorized sources such as police FIR records, traffic databases, road infrastructure 

reports, and environmental datasets. 

 

Step 2: Data Preprocessing 

Clean the collected data by removing duplicate entries, handling missing values, and correcting inconsistencies. 

Normalize numerical attributes and encode categorical variables. 

 

Step 3: Geocoding 

Convert textual location information into geographic coordinates (latitude and longitude) to enable spatial analysis. 

 

Step 4: Feature Engineering 

Extract and derive relevant features such as accident frequency, severity index, temporal patterns, traffic density 

indicators, and spatial proximity measures. 

 

Step 5: Model Training – Clustering 

Apply unsupervised learning algorithms such as K-Means and DBSCAN to identify spatial clusters of accident 

occurrences. 

 

Step 6: Model Training – Classification 

Train supervised machine learning models such as Random Forest and Gradient Boosting to classify road locations into 

different risk levels. 

 

Step 7: Model Evaluation 

Evaluate model performance using accuracy, precision, recall, F1-score, and clustering validation metrics. 

Step 8: Blackspot Identification 

Identify high-risk locations exceeding predefined thresholds as accident blackspots. 
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Step 9: Visualization 

Visualize detected blackspots on GIS-based maps and dashboards for easy interpretation. 

 

Step 10: Output Generation 

Generate the final output consisting of geospatially mapped blackspots with associated risk levels to support decision-

making. 

 

 
 

FIG 5.1 DFD of the BlackSpot Detection System  
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IV. RESULTS  

 

           
 

FIG 6.1 RESULTS OF THE PROJECT  

 

V. CONCLUSION 

 

In conclusion, black spot detection using an Android app presents an innovative and practical solution for improving 

road safety by leveraging technology to identify and warn users about accident-prone areas. By integrating historical 

accident data, real-time inputs, and GPS-based tracking, the app provides drivers with timely alerts, helping to reduce 

the risk of accidents in high-risk zones. The ECLAT algorithm enhances this system by efficiently mining frequent 

accident patterns, allowing the app to pinpoint black spots accurately. Despite challenges such as data accuracy, user 

participation, and privacy concerns, this approach offers significant potential in making roads safer for all. Future 

developments, such as real-time data integration and predictive analytics, could further improve the system’s ability to 

prevent accidents and save lives. 
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