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Agenda

We leverage connected vehicle trajectories to extract surrogate safety measures

and model crash patterns—enabling proactive, data-driven safety screening
across the network.
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Safety challenges and the need Why surrogate safety measures

for proactive, network-scale and connected vehicle data
assessment. matter.

SSM extraction, data integration,
and modeling with statistical,
ML, and graph-based methods.
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Key findings and implications
for proactive safety
interventions.



Background

Traffic safety remains a major public concern. An estimated 40,990" people died

on America’s roads in 2023

|
Limitations of traditional (reactive) approaches After Significant increases in lives lost in 2020 and 2021, ‘

the nation started to see a decline in roadway deaths
in 2022 and 2023.
Reactive Approach Rare Crashes Lead to Crash-Involved Drivers
’ — E— .
Doesn’t Work Sparse Data Are Not Representative T
Number of Roadway Fatalities
50,000 10.8% 15%
o Actions are typically » Severe crash types ¢ Drivers in crashes may
taken only after (e.g., fatalities) are .‘. not represent the —— 10%
crashes have relatively infrequent. '.‘ broader driving :
d lati ¢ iy
occurred. s : opulation. -
u ¢ Limited observations PRRUSS é o
« This delay reduces the restrict our ability to ¢ This can introduce g G
opportunity to build robust models bias in risk estimation & “ =
prevent future using crash data if unaddressed. £
<
crashes. Slore. 10,000 -10%
0 A5%
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023
How can we identify dangerous intersections before crashes occur?
Source: 2025 progress report on the
Identifying locations with high risk in advance requires looking beyond National Roadway Safety Strategy, USDOT
crash data and using additional information. " Preliminary estimate
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®
Introduction

Crashes are only the tip Surrogate Safety Measures (SSMs)
of the iceberg. quantify different conflict mechanisms.
Crashes TIC @

(Fatal & Serious) Time-to-Collision ﬂ E :
Time remaining before
Serious Traffic a potential collision.

Conflicts

Light Traffic PET ; » How can we extract realistic SSMs

Conflicts PostEncraachmentTine & ' ® from large-scale connected vehicle
Time after one vehicle J ) ]

Normal clears the conflict point. trajectories and use them to

Interactions explain crash patterns at signalized

DRAC

Undisturbed : A intersections?
Pares Deceleration Rate i b
9 to Avoid Crash ﬁ = .-‘i
Required deceleration
to avoid a collision.
Relying on crash data alone is I Aggregate SSM events at each intersection
reactive, sparse, and incomplete. lI B and link them with crash records.
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Knowledge Gap & Research Questions

We need to move from incomplete understanding to actionable insights.

Knowledge Gap Research Questions
Gap 1 _ 01 hich SSM(DRAC, TTC, PET) is most I
@ Limited use of connected vehicle data strongly associated with crash frequency? I
for network-wide intersection safety analysis.

Gap 2
Most studies focus on individual SSMs
rather than comparing multiple measures.

Gap 3 How do statistical, machine learning, and
Relationships between SSMs, crash types, 03 graph-based models differ in capturing

and crash severity remain unclear. crash—-SSM relationships?

02 Do SSMs explain different crash types
and injury severities differently?

Our goal: Evaluate the ability of surrogate safety measures to explain crash patterns
across types and severities using multiple modeling approaches.

94 |TE WESTERN DISTRICT

aw ANNUAL MEETING




Data Sources & Integration

We integrate crash records, roadway network, and connected-vehicle trajectories
from the City of Tucson to construct a comprehensive intersection-level dataset.

= % Crash Records ?9“ Road Network = Connected-Vehicle Data

3 Core Data Sources ~& (2018-2024) éé (Signalized Intersections) E;g:g‘l (CV Trajectories)

¢ Crash records (2018-2024) l 1 l

* Road network (signalized intersections)

* Connected vehicle trajectories (CV data) Se;z::v;e::rz%i‘é""zho;:a' Mf}:ge nodes ;epfessf‘ﬁng Filter data for City of Tucson |

R e same Intersection
5 IntersectionRelated = 1 Compute SSMs
Key Processing Retain nodes flagged (DRAC, TTC, PET)
. + as signalized

* Filter & clean each dataset TrafficCortrolDévicas1 |

e Extract SSMs: DRAC, TTC, PET ‘ Retain critical SSM events

* Retain critical SSM events . e . based on thresholds

emove missing records
I, B — | 1 | »
v |
Integrated Output I Aggregate crash counts : /\ Aggregate critical SSM counts
. I I at signalized intersections V7 atsignalized intersections
¢ Intersection-level merged dataset
e Crash counts + critical SSM counts [ 1 J

¢ Rich trajectory & network attributes %
Merged Dataset (Intersection-Level)

IntersectionID, Location (Lat, Lon),Total Crashes by Severity & Type,
CriticalDRAC, Ciritical TTC, CriticalPET, Roadway Attributes,
Trajectory & Behavioral Features, etc.

e
L=
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Framework Overview

From surrogate safety measures to crash—SSM relationship modeling.

o Extract Surrogate Safety e Aggregate at
Measures (SSMs) Signalized Intersections

G _______ << ‘ /. @
~ 7
g WO Y \\s_—/
\\\ ——

Surrogate Safety Measures

r(t) - v(t) Critical ‘

S - -
> -
@ ||v(t)||2 TTC<15s
Critical
@ ety ke PET<1.1s I II + ‘\/\/AL
@ v ()])? Critical Counts Counts

TTCL]( ) =

Crash
DRAC;;(t) = (TTC, PET, DRAC)

r(t) DRAC > 3.4 m/s?

Identify critical events based on thresholds Per signalized intersection
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Model Crash-SSM

Relationships ": #1
_-f-:g
Statistical Model !
Negative Binomial i
Regression LB RN
Machine Learning Models l
Random Forest ’\ \l
XGBoost ‘TR
Graph Neural Network ®
=}

Diffusion GNN N
(APPNP) o\ ¢




Method Overview

Modeling the links between surrogate safety measures (SSMs) and crash outcomes
at signalized intersections

1. Negative-Binomial Model 2. Tree-Based Ensembles 3. Graph Neural Network

o/ Quantify associations between ./.\‘ Capture nonlinear relationships Model spatial dependencies
SSMs and crash frequency. and improve predictive performance. across the road network.
Inputs (SSMs) Outputs Models Outputs Input Outputs
G DRAC ) 10)
(Critical) ®
@
TTC @)
(Critical) 9 Crash Frequency Random Forest 9 Crash Frequency (@) o 9 Crash Frequency
(Overall & by Type) (Overall & by Type) ®) @) (Overall & by Type)
ﬁ/ PET e
= (Critical) :
Crash Crash Crash
. Severity Severity Connected Severity
4 (Overall & by Level) XGBoost (Overall & by Level) Intersections (Overall & by Level)
Q Statistical baseline with 0 Nonlinear modeling with Q Captures spatial risk propagation
interpretable coefficients. strong predictive accuracy. beyond single locations.
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NB Model - Severity Outcome

Negative binomial regression results show the association between surrogate safety
measures and crash outcomes at signalized intersections.

DRAC Shows the Strongest and Most Consistent Associations

Coefficient (8) from NB model (higher absolute value = stronger association)

Il DRAC Bl TcC PET
Stronger Total Fatal Incapacitatin Non-Incapacitatin No-Inju
A
sociation
Crashes Crashes Injuries Injuries Crashes
A
1104 - 6.50x10°% 3
L2 23
4.33x10°* Strongest
Yk Associatio
ST e
@ 2.76x10°*
— 1x10* 693X105 2.02x10° =
- 3 02x10°
c 1.82x10 | 2 2.61x10°
K™ 2.52x10°* 1.92x10°* 3.64x10*
(%)
& 2.58x10%
3 n l
(&) 0% == SRR e e T l_' __________ e e T 1 e i e - T T s R e
iR -1.18x10°%
—1.77%10" -4.37x10°
\ *k
Weaker -1.72x10"?
Association
-1x10*¢ -

Note: *** p < 0.01, ** p < 0.05, * p < 0.1
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0 Key Takeaways

« DRAC is statistically significant for
total crashes and injury-related
outcomes, especially
non-incapacitating injuries.

« DRAC shows the strongest association
(most consistent and highest
magnitude 3) across most crash
outcomes.

* The explanatory power of surrogate
measures decreases as crash severity
increases, with limited association
observed for fatal crashes.

DRAC is the most reliable surrogate
measure for identifying high-risk
signalized intersections and supporting
proactive, data-driven safety screening.




NB Model - Crash Types

Negative binomial regression results show the association between surrogate safety measures
and crash types at signalized intersections.

DRAC Shows the Strongest and Most Consistent Associations |

Coefficient (B) from NB model (higher absolute value = stronger association)

M orac W TTC PET
sl Rear-End Left-T Angl Single-Vehicl Sideswi Head-O
Aeiitan ear-En eft-Turn ngle ingle-Vehicle ideswipe ead-On
Collisions Collisions Collisions Collisions Collisions Collisions
A
1x10* 9.74x10°%
6.16x10°% * k%
Ty 5.13x10°%
L2 2 ]
— 4.00x10°%
Q 1x10°5 B
- 2.00x10°° 1.90x10°* =
< 8.00x10°¢ 6.36x10% o 2.70x10 =
o 8 Y ':10 . SAeRtee 2.60x10
5 7.48x10°¢ 8.035%10- . 18x .
E l l 2.55x10°7
J N | § | § n_ A AR -
© | |
-1.73x10°¢
-6.09x10"¢
-1x10°5 - -1.62x10°¢
\
Weaker
Association
-1x10* -~

Note: *** p < 0.01, ** p < 0.05, *p < 01

94 |TE WESTERN DISTRICT

aw ANNUAL MEETING

0 Key Takeaways

* DRAC exhibits the strongest
associations with rear-end, left-turn,
and angle crashes.

e TTC shows a weaker but statistically
significant relationship with angle
crashes, while PET contributes little
additional explanatory value.

e Associations are substantially
weaker for single-vehicle, sideswipe,

and head-on crashes.

DRAC is the most reliable surrogate
measure for identifying high-risk
signalized intersections and supporting
proactive, data-driven safety screening.




Tree Ensemble Models

Tree ensemble models (XGBoost and Random Forest) further improve predictive performance

and highlight the importance of surrogate safety measures across crash outcomes.

i3

DEIJ OB E
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Predictive Performance (R?) of Tree Ensemble Models

XGBoost Model (R?)

Total Crashes

Fatal Crashes

Incapacitating
Injury Crashes

Non-Incapacitating
Injury Crashes

No-Injury Crashes
Rear-End Collisions
Left-Turn Collisions

Angle Collisions

B XGBoost (R?)

I 0.7 |
B o.021

I 0.5
I | o.co’ |
I (.o s |
[ ——
I —
ey

Single-Vehicle Collisions |JJilj 0.140

Head-On Collisions

Sideswipe Collisions

I o.138

| 0.004

Random Forest Model (R?)

B Random Forest (R?)

e )
B o.030

I 0.2
|
I | o.52¢ |
I | o.525 |
i
e,

I o.126

I o204
I 0.:03

Crash Type

Rear-End Collisions

Left-Turn Collisions

Angle Collisions

Single-Vehicle
Collisions

Head-On Collisions

Sideswipe Collisions

Feature Importance (Average Across Models)

W DRAC

W Tc B PET

Average Importance Score

0 Key Takeaways

» Tree ensembles substantially
improve predictive performance
for high-volume crash outcomes
(total, non-incapacitating, and
no-injury crashes).

* DRAC consistently ranks among
the most important predictors,
especially for rear-end, left-turn,
and angle crashes.

* Performance is weaker for
single-vehicle, head-on, and
sideswipe crashes, consistent
with NB model findings.

o Implication

DRAC remains the most informative
surrogate in both longitudinal and
crossing conflicts, while TTC provides
complementary information for

certain crash types.
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GNN Model

Diffusion GNN analysis shows that incorporating spatial interactions further enhances the
explanatory power of surrogate safety measures across crash outcomes.

Diffusion GNN Analysis Results

Change in MAE (%)

Crash Outcome (Compared to NB Model)

Q Key Takeaways

Il DorAC B c B reT
N Incorporating spatial information further strengthens A MAE (DRAC) A MAE (TTC) A MAE (PET)
U
= the influence of DRAC, particularly for rear-end, G-  Total Crashes I +330.0  +17.8 -0.5
Ieﬂ'turn, and ang|e crashes. & Fatal Crashes I 4496 I +137.3 i 1 +20.2
3 Incapacitating =

&? Injury Crashes  +29.2 | +108 W +3.4

For non-incapacitating and no-injury crashes DRAC @ :\‘?“""éapidtating N +86.4 BN +40.3 | +3.1
. . njury Crashes
matters most and TTC also plays a role, implying that
» R Pling ; @ No-Injury Crashes I +110.3 I +70.8 N +11.8
less-severe collisions are shaped by a blend of rapid
- . IR ) . . ™ . .

braking and closing-gap misjudgment diffusing €6  Rear-End Collisions I +268.9 I +67.8 +0.1
through adjacent intersections. f{> Left-Turn Collisions I +165.9 I +172.6 -10.8

&6  Angle Collisions | 654 | | I 532.1 1.1
In angle and rear-end collisions, DRAC matters most, &B5  Single-Vehicle Collisions [N +112.1 I +38.8 | +8.6
but for left-turn collisions, DRAC and TTC produce 8%  Head-On Collisions B 442 B +16.8 . +2.1
nearly identical penalties. P i ”»

L}% Sideswipe Collisions B 227 B -17.8  +2.1

Note: Positive values indicate increase in MAE (%) compared to NB model. Negative values indicate decrease.
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Spearman Rank Correlation

Spearman rank correlations assess the monotonic relationship between surrogate safety
measures (SSMs) and different crash categories.

Spearman Correlation: Surrogate Safety Measures vs. Crash Categories

Critical DRAC
@ Events 0.33 0.28
Critical TTC Events 0.36 0.32
| Critical PET Events 0.31 0.30
o © o© 9 5 o o o o o
5° A S & W @ @
c@ & S ) (}0 N W W N W
» § & & 3 & & &f & & %3
<& ~ © & ~ X & £ & & @
2 @ eo 2> 5
Q QQ N & Qg' \9 22
\(‘00 ,\(\o 6& * (,)\6
&
S : L ee——
-1.0 -0.5 0.0 0.5 1.0
Spearman p
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Q Key Takeaways

All SSMs show moderate-to-strong
positive correlations with crash
outcomes.

¢ The strongest associations are
observed for rear-end and
left-turn collisions across all
surrogate measures.

o Fatal crashes exhibit substantially
weaker correlations with all
surrogate measures.

0 Implication

Surrogate safety measures, especially
DRAC and TTC, are more indicative of
common conflict-related crashes rather
than rare and severe outcomes.




Final remarks

1. For Severity

2. For Type of Crashes

B Rear-end, left-turn, and DRAC is the most reliable

angle crashes are <o’ and consistent predictor

across models and

Associations weaken

1 as crash severity increases. 3
. — explained most

effectively. outcomes.
Fatal crashes are

| the most difficult Single-vehicle, sideswipe, Cton5|ster:tly Ist:.ows;'he
: : strongest relationships
to explain. a and head-on crashes e g
with crash frequency.
_. Incapacitating injuries show weak or
&8 show moderate insignificant e

N

= associations. associations.

Provides complementary
information, especially for

left-turn and fatal outcomes.

No-injury crashes have e

ﬂ the strongest A Crash-35M relationships £ Overall contribution is

| PET |
s vary by crash type. et ;
associations. Ly YP . weaker and less consistent.

Connected vehicle-based surrogate safety measures, especially DRAC, J] i “

-\@,- Gueral ide valuable and robust inf ion f ive saf i 7Z
Tak eaway prov! e valua .e an. ro l{St [n.orrrjatlon or proactive safety screening =55 / =3
= and intersection risk prioritization.

N
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Limitation and Future Work

While our framework demonstrates strong potential, several limitations remain.
Future research will focus on addressing these gaps and extending the framework.

'

e Connected-vehicle data were available for only two sampled days
and a 1-second sampling interval.

e Only vehicle-vehicle interactions were analyzed; pedestrian
and bicycle conflicts were not included.

o Fixed thresholds were adopted for TTC, PET, and DRAC
without sensitivity analysis.

e Incorporate roadway geometry, traffic control, and
weather information.

e Explore adaptive or learning-based SSM thresholds
using higher-frequency trajectory data.
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Thank you!

Thank you for your attention.
We welcome any questions and discussions.

9 Mehrdad Nasri 9 Jingyi He

mehnasri@uw.edu jhe0718@uw.edu
Department of Civil & Environmental Department of Civil & Environmental
Engineering Engineering

Access Our Paper

Scan the QR code to
view the full paper for
more details on our
methodology, results,
and analysis.
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