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Abstract

Traffic crashes are a major public safety concern in the  United States, resulting in tremendous 
human and economic losses.  In this project, we investigate a large-scale dataset of over 7 
million reported traffic accidents across the 49 U.S. states collected from February 2016 to 
March 2023. Using Python libraries (Pandas, NumPy, Seaborn, Matplotlib, Folium, and 
scikit-learn) as tools of data mining and predictive modeling, we target identifying the 
spatiotemporal patterns, discovering the environmental and weather conditions influencing 
accidents, and constructing a predictive model for the severity of accidents. Through 
clustering, correlation analysis, and machine learning-based classification models, the project 
attempts to find answers to the key questions of when and where accidents are most likely to 
happen and how severe they are likely to be. The output will be communicated through 
heatmaps and dashboards for policy-making, increasing road safety, and serving he 
transportation authorities' proactive planning.



Introduction & Background

● Traffic accidents continue to pose a serious threat to 
public safety across the U.S. With over 7 million 
reported incidents from 2016 to 2023, our project aims 
to understand when and where these accidents happen, 
what factors contribute to their severity, and how 
machine learning can help anticipate and prevent them.



Research Significance & Questions

● Supports proactive planning for public safety and 
infrastructure.

Key Questions:
● When and where are accidents most likely to occur?
● What environmental and situational factors increase 

severity?
● Can ML effectively forecast accident severity?



Project Objectives

● Highlight the  high-risk areas and vehicular accident 
hotspots.

● Predict severity using machine learning models such as 
RandomForest and XGBoost.

● Enable insights through interactive visualizations and maps.
● Possibly Aid urban planners and transportation authorities in 

decision making.



Related Work Summary

● Referenced 10+ ML-based studies on accident 
prediction.

● Hybrid models (CNN-LSTM, SHAP + XGBoost) 
outperform classical models.

● Clustering + spatial data is crucial to identify hotspots.
● Inspired the use of interpretable ML + dashboards.



Dataset Summary

● Source: Kaggle’s U.S. Accident Dataset.

● Records: 7,728,394 | Features: 46 columns | 
Time Span: Feb 2016 – Mar 2023.

● Covers road type, weather, location, visibility, 
etc.



Data Cleaning & Feature Engineering

● Removed columns with >40% missing data.

● Imputed remaining missing values using mean/mode.

● Standardized categories (e.g., states, time zones).

● Feature engineering: Hour, DayOfWeek, Month, 

Weekend, Duration.



Methodology Overview

● Hotspot detection: DBSCAN and K-Means.
● Severity prediction models: Logistic 

Regression, Random Forest, XGBoost.
● Evaluation metrics: Accuracy, Precision, 

Recall, F1.



Experimental Design

● Split data: 70% train, 15% val, 15% test.
● Undersampling to balance severity classes.
● Trained models on structured features including time 

and weather.
● Visualized using heatmaps, temporal charts, and 

dashboards.



















Exploratory Analysis Highlights

● Rush hours (7–9AM, 4–6PM) the had most 
accidents.

● Visibility & weather significantly affected severity.
● Top cities and highways identified for repeated 

risk.





Clustering Insights

● 5 major clusters identified with different risk levels.
● Cluster 36: Most severe and accident-dense zone (avg 

severity 2.64).
● Low-signal or poorly lit areas had higher severity ratings.
● Urban areas had more volume, but rural zones had higher 

severity.





Model Evaluation Summary

● Random Forest: Accuracy = 66.3%, strong recall 
on minor accidents.

● XGBoost: Better diagonal separation and F1 score 
across all classes.

● Random Forest more interpretable; XGBoost more 
precise.



Random Forest Performance

Evaluation Model Accuracy Precision Recall F1

RandomForest 0.663 0.658 0.663 0.657

XGBoost 0.664 0.660 0.664 0.658



Dashboard & Application

● Streamlit dashboard allows users to:
● Filter by location, time, weather.
● View geospatial accident patterns.
● Provide AI-driven safety suggestions.
● LLM module provides real-time travel tips.







Conclusion

● Our project created a smart system that uses U.S. crash 
data to analyze accident risks and suggest safety 
precautions. We combined crash data with real-time 
information, machine learning, and AI to turn raw 
numbers into useful, actionable advice. Essentially, we 
built a bridge between complex data and practical road 
safety.



Potential Impact
A huge potential to make our roads safer:

City Planners: It can assist the cities in recognizing hazardous roads and deciding where to 
install new signs or traffic lights, or execute other safety interventions.

Drivers: It gives drivers the information needed to make intelligent travel decisions and helps 
them avoid risky areas and conditions.

For Public Safety: Our research supports the formulation of more effective public safety 
campaigns based on data.

Future Integration: This might be embedded in popular GPS apps for instant warnings or even 
in a city dashboard for real-time monitoring.



Key Findings
Risky Hours of Commuting: Accidents tend to occur primarily during weekday rush hour traffic, with 
the highest recorded incidents around 8 AM and 5 PM.

Severity Prediction: The severity of accidents was often correctly predicted by our models, with an 
accuracy of almost 66 percent. It was particularly good at predicting minor and fatal accidents.

Danger Zones: Clustering of accident data enabled us to detect particular "hotspots" where a high 
number of crashes is registered, and the average severity is high. These spots most probably require 
infrastructure interventions.

User-friendly App: A fully working prototype was developed, so now one can view historic accidents 
around and receive personalized driving tips powered by an Artificial Intelligence that takes into 
account local conditions and current weather.



Limitations
Some of our limitations are:

Data Gaps: It is a great challenge for the model to predict some middle levels of accident 
severity because we have few samples of those crashes in our dataset.

Limited Weather Data: The weather data used was not very detailed and may affect some 
predictions.

Static Hotspots: According to the system, "Danger zones" don't alter over time.

No Live Feeds: The AI must use historical data rather than real-time data from traffic cameras 
or other live sensors, so it could never take into account new construction or a temporary road 
closure.



Future Work
There are so many ideas lined up to make this system even better:

Live Updates: The objective now is to feed real-time traffic and camera feeds into our model 
so that dynamic predictions can be made.

Smarter AI: We want to use better Machine Learning to better comprehend complex accident 
patterns.

Take It Mobile: We would love to develop a mobile application that provides voice-guided 
assistance and safety alerts.

Test on Actual Drivers: The next stage is to investigate how these AI-driven suggestions 
genuinely alter driver behavior and increase safety.
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