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A Geo-Spatial Analysis of Unsafe Traffic Events and Crash
Occurrence at Urban Intersections: Insights from Telematics Data
and Machine Learning
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Introduction

Methodology

Road safety remains a critical global issue, with over 1.19 ' 1. Study Area
million deaths annually. In Europe, progress is uneven, e« Location: Central Athens, Greece
despite initiatives like the EU Vision Zero aiming to halve « Scope: 478 urban intersections

road deaths by 2030. . Q Y B Qs

Dataset Summary
478 intersections analyzed in central Athens
*929,543 telematics events assigned within 50m of
Intersection centroids
‘Unsafe events quantified into:

 Harsh Braking Ratio

« Harsh Acceleration Ratio
Speeding Ratio

Traditional crash-based analyses are retrospective and
limited by underreporting and low data granularity,
requiring crashes to occur before action is taken.
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Smartphone-based telematics enable a proactive shift by | £ £% PN Y L g . e .
P . P A QORD : OATOEIAN. ¥ TN Lo X I PR - Crash Risk Classification
capturing frequent unsafe driving events, like harsh braking, BV LA AU PRGNSO T SRR .

. . . 0 * Intersections categorized by crash frequency:
rapid acceleration, and speeding, as surrogate safety [ - . Low Rick: 398 J Y L y
Indicators. el '
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This study explores how.these un.safe eyents relate to crash Figure 2: Plot of Crashes that occurred Figure 3: Telematics data collected in Athens . Addrgssed imbalance using SMOTE
occurrences at 478 intersections Iin central Athens, in intersections on a Folium Map. urban roads. e Balanced class distribution for training the model
leveraging: 2. Data Sources
« Telematics data from smartphone apps * Telematics Data: Model Performance
* Police-reported crash records  Collected via smartphone apps
* Machine learning models (e.g., XGBoost, Random Forests) « 3.5M+ data points from 257 drivers (harsh braking, Model Accuracy High-Risk High-Risk

acceleration, speeding) Recall Precision
The goal is to classify intersections by crash risk and identify =« Crash Data: Random ) . .
urban hotspots for proactive safety interventions and . Greek Traffic Police records (2019) Forest /e >0% 14%
data-driven policymaking. * Linked by intersection and street name XGBoost 30% 100% 299%

'd g - ® LT ‘J%‘% = * XGBoost outperformed Random Forest, especially for
RE IRPLRL identifying high-risk intersections.

Objectives )

Feature Importance

Most predictive feature: Harsh Braking Ratio
Followed by:

Speeding Ratio

Number of Lanes (less influential)

1. Integrate telematics-based unsafe driving events (e.qg.,
harsh braking, speeding) with crash data at urban
Intersections.

2. Classify intersections into risk levels (Low, Medium, High) .
using crash occurrences. CO“CIUSlOnS
3. Evaluate th dicti . . o 1. This study demonstrates the value of telematics data
) .dva r? .e N prlf_ Ve [li)OWJ?I’ of Unsate events in Figure 4: Telematics data assigned to intersection with centroids. In proactively identifying crash-prone intersections
identifying crash-prone locations. 3. Data Processing . urban environments.
. . e |Intersection ldentification: 2. Harsh Braking Ratio emerged as the Strongest
4. Qggggg)a:::r:;falser?rr?;Egc|;n52$iec|§t§oRsndom Forest, » Extracted using OSMnx from OpenStreetMap predictor of crash risk, reinforcing its role as a critical
' * Intersection centroids buffered with a 50-meter radius unsafhe drilving indicatczjr. | ”
. . . o i in: 3. Machine learning models, especially XGBoost
5. Compare feature importance to determine which unsafe Spatial Join: . o P
behasiours re mostp edictive - Telematics events mapped to intersections using showed high potential in accurately classifying
P ‘ GeoPandas intersections by crash risk, particularly for high-risk
6. Inform urban planning and traffic safety strategies using | Aggregation: . , , . Iocation;. fa drivi
oactive data-driven insights » Calculated unsafe driving ratios (e.g., Harsh Braking Ratio) 4. Integrating smartphone-based unsafe driving events
P T f g ' per intersection with crash data enables data-driven, targeted safety
l\.l: N1 <o . 4. Feature Engineering interventions - moving beyond traditional, reactive
i} e b A2 « Computed Metrics: approaf:he.s. | |
HoPl S NI 2l /e | - Harsh Braking Ratio, Harsh Acceleration RatioSpeeding 5. These insights support urban planning, traffic safety
) WA | Ratio, Number of Lanes policies, and even insurance innovations like Pay-As-
5. Risk Classification You-Drive schemes.
e Crash risk levels: 6. The methodology is scalable and adaptable for
e Low ('] Crash)l Medium (2_3 Crashes)l H|gh (24 Crashes) Other.Citie.S, with future impl‘ngmentS needed N
+ Addressed class imbalance using SMOTE (Synthetic handling imbalanced data and incorporating
Minority Oversampling Technique) contextual factors like weather or traffic volume.

6. Modelling Approach
* Machine Learning Models: Acknowledgm

e Random Forest and XGBoost

* Statistical Methods: This project is carried out within the framework of the
* Descriptive analysis, Feature importance ranking, PCA National Recovery and Resilience Plan Greece 2.0,
for dimensionality reduction, DBSCAN clustering funded by the European Union — NextGenerationEU
7. Model Evaluation (Implementation body: HFRI).

* Metrics Used: Accuracy, Precision, Recall, F1-Score
« Confusion Matrix analysis to assess performance
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