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Introduction

% According to the Federal Highway Administration
(FHWA), more than 50 percent of combined fatal
and injury crashes occur at or near the intersection.

% Furthermore, based on New Jersey State Police, a

total of 146 fatal crashes occurred at intersections in

New Jersey in 2019, indicating a 39% increase

(Source: Patel et al., 2023)

compared to the 105 fatal crashes that happened in

2015.
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Introduction
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Introduction

"THE DEADLIESTINTERSECTION INTHE-

COUNTRY IS IN NEW JERSEY

‘No one’s paying attention’: Route 70 in
Toms River among most dangerous
intersections in US s ez o ol

STUDY: SIX OF THE TOP 30 DEADLIEST INTERSECTIONS IN AMERICA

ARE 'N NJ (Source: WPG Talk Radio 95.5 FM) E‘%—Pnﬁ.-%‘

Trenton, New Jersey intersection among the
deadliest in the natio SO 1100 e
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Research Objectives

% To identify significant contributors to the injury severity of intersection-related crashes

< To provide essential insights to professionals, and policymakers based on the research

findings
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Literature Review

A total of 32 studies were reviewed to identify the primary contributing factors
to injury severity, assess the utilization of machine learning models, and

determine limitations and research gaps in prior investigations.

Intersection Iniu Machine
Related Jury Learning

Severit 2011 -2021
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Literature Review

Factors
Impacting
Intersection
Crash Severity

Machine
Learning in
Crash Analysis

Research Gap
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Collect/Analyze Relevant Data

« Five years (2015-2019) of crashes that

occurred at the intersection of the state of New Jersey

was gathered

< The final dataset includes 234,192 crash records,
including 2,180 fatal and serious injury; 70,013

possible and minor injury; and 161,999 no apparent

injury.

Intersection Related
Crashes in New Jersey

Low Crash Density
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Collect/Analyze Relevant Data

Temporal Roadway Environmental Crash Intersection
Variables Features Conditions Characteristics Characteristics

Crash Type

Road System Alcohol Involved Traffic Signal Present
Season Weather

Curve Related
Head On Collision Involved
Pedestrian Involved

Stop Sign Present
Run Off Road Involved

Day of Week Highway Type Light Conditions Unsafe Speed Involved

Heavy Vehicle Involved

73 1 roQ
Bicyclist Involved MG e

Median T . .
ed ype Distracted Driving Involved

Motorcycle Involved

Older Driver (65+ age) Involved Lane Markings Present

Crash Hour Surface Condition
Posted Speed

Young Driver (16-20 age) Involved

10
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Methodology

Prediction Models
«» CatBoost

¢ eXtreme Gradient Boosting

(XGBoost)

¢ Light gradient boosting machine
(LightGBM)

¢ Random Forest (RF)

“* Ensemble Model

Contributing Factors

¢ Shapley Additive Explanations
(SHAP) values

Data Cleaning

Data
Preparation

Relevance
Analysis

11
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Methodology
Model Evaluation
2 B TP+ TN
CUTAY = TP¥TN + FP + FN Predicted Class
I TP Positive Negative
eeart = TP + FN § Positive true-positive |false-negative
@) (TP) (FN)
precision = = E
recision = —————— _nositi _ -
TP + FP S | Negative false-positive | true-negative
< (FP) (TN)
1 1
F — score =

+
Precision Recall
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Methodology

= ————>»>  Model Training E—

g /

= (o

_%o , — Training 80 % . A 4

P _P 2 /

§ ’C‘ﬁ, / B gatarg:::slﬁg Data Split /" Model Evaluation
| N = —_—

- Crash Data J / -Data Classification |/ X

< L- & L= - One Hot Encoding |

- ‘ —>‘ Testing 20 % |

) )

= R

=

z Contributing Factors : All Attributes L,

) - SHAP Values (Top 10 Variables) I

2

=

o0

E | |

2 v v

E Contributing Factors : Crash Type Contributing Factors : Traffic Control System

g - SHAP Values (Top 5 Variables) - SHAP Values (Top 5 Variables)




€@ RowanUniversity

CENTER FOR RESEARCH & EDUCATION IN
ADVANCED TRANSPORTATION ENGINEERING SYSTEMS

Results

Model Performance Evaluation

Models Accuracy Recalls Precision F-score
XGBoost 0.73 0.41 0.61 0.42
LightGBM 0.73 0.40 0.60 0.40
CatBoost 0.73 0.41 0.62 0.41
Random Forest 0.70 0.41 0.49 0.42
Ensemble Model 0.74 0.41 0.66 0.42

14
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Results

Confusion Matrix
XGBoost Random Forest
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Results

Confusion Matrix

Fatal and
Incapacitating Injury

Non-Incapacitating
Injury
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Results
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Results

Shapley Additive Explanations (SHAP)
High
Crash Type
Posted Speed (as Reported)
Pedestrian Involved oo
Distracted Driving Involved
Seasons

Motorcycle Involved o momsemEE——— wo

Feature value

Highway Type
Crash Hour

Road System

Run Off Road Involved

T T T T T T T T Low
-3 -2 -1 0 1 2 3 <4

SHAP value (impact on model output)
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Results

Shapley Additive Explanations (SHAP) : Crash Type
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Results

Shapley Additive Explanations (SHAP) : Traffic Control System

Crash Type

Pedestrian Involved

Posted Speed (as Reported)
Road System

Crash Hour

Seasons

Crash Day Of Week
Road System

Crash Hour

Surface Condition

| 2 3

2 4 0 3
SHAP Value for Crashes in Presence of Traffic Signal

19—

k- e
L fo
o+ T

-1.0

0.5 0.0 0.5 10 1s
SHAP Value for Crashes in Presence of Yield Sign

High

ture value

Low

High

Feature value

Posted Speed (as Reported)
Run Off Road Involved
Crash Type

Seasons

Motorcycle Involved

Crash Type

Posted Speed (as Reported)
Highway Type

Run Off Road Involved

Seasons

-1 0 1 2 3
SHAP Value for Crashes in Presence of Stop Sign

SHAP Value for Crashes in Presence of Lane Marking

High

Feature value

Low

High

Feature value

20



€@ RowanUniversity

CENTER FOR RESEARCH & EDUCATION IN
ADVANCED TRANSPORTATION ENGINEERING SYSTEMS

Conclusion

% The Ensemble Model achieved the highest accuracy of 0.74, demonstrating its effectiveness in
predicting crash severity accurately

% SHAP analysis highlighted the importance of various factors, including angle crash type, higher speed
limits, and temporal variables like seasons (summer and fall) and time of day (between 12:01 and 18:00
hours), in increasing the severity of injuries for the intersections related crashes

% These findings offer valuable guidance for transportation safety professionals, enabling the
development of targeted strategies for education, enforcement, and engineering to reduce intersection

crash severity.

21
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Recommendation

Crash Type:
Angle

Dedicated left- and right-turn lanes at intersections

Providing offset of left- and right-turn lanes

Reduced left-turn conflict by restricted crossing U-turn

Using high-contrast markings for turning lanes

22
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Recommendation

‘ Roundabouts

Oversized advance intersection warning signs

Higher Speed
Limits

Retroreflective sheeting on speed limit signs

Yellow change intervals

23
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Recommendation

< Targeted Enforcement: Implement focused law enforcement efforts during specific crash-
prone months and hours, especially during summer and fall and between 12:01 and 18:00, to
ensure smoother traffic flow and decrease crash rates.

< Educational Initiatives: Develop educational programs, particularly targeting older drivers, to
provide updates on the latest intersection advancements and safety measures. Increasing
awareness about the dangers of distracted driving near intersections should be a key component

of these nitiatives.

24
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Recommendation

< Exploring Advanced Models: Future research should explore the use of more advanced
machine learning models, including deep learning techniques, to potentially achieve even
higher accuracy rates in predicting intersection crash severity.

< Enhanced Data Collection: Collect more detailed data, including signal phase information,
average cycle times for traffic lights, lane-specific location information, and real-time
vehicle speeds before the time of the crash. This enhanced data can provide deeper insights
into the factors contributing to intersection-related crash severity.

% Continuous Monitoring: Establish a system for continuous monitoring and evaluation of
intersection safety measures to ensure their effectiveness over time and adapt them as

needed.

25
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