UNIVERSITA | DIEF

DEGLI STUDI | Dipartimento di &a STELUIENANTIS
F [ P\E N Z E Ingegneria Industriale LAB FOR ROAD SAFETY AND A\ = oatit

INJURY-RELATED STUDIES

Building Cross-Validated Injury Risk
Functions for Car-to-Car Impacts
from Pre-Crash Predictors Only

Giulio Vichi, Michelangelo Gulino, Dario Vangi
DIEF, University of Florence (IT)

Cyril Chauvel, Laura Bigi
LAB, Stellantis (FR)

Anita Fiorentino
Stellantis Europe (IT)




UNIVERSITA a SI S

DEGLI STUDI &

FIRENZE LAB FOR ROAD SAFETY AND
INJURY-RELATED STUDIES

INJURY
OUTCOMES

Injury Risk
Functions

(IRF)

INPUT

Introduction

OUTPUT

%,

INJURY
RISK

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only

G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



UNIVERSITA
DEGLI STUDI

FIRENZE

&L

aSIS

LAB FOR ROAD SAFETY AND
INJURY-RELATED STUDIES

Introduction

SAFETY
POLICIES

INJURY
OUTCOMES

Injury Risk
Functions

(IRF)

INPUT

OUTPUT

%,

INJURY
RISK

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only

G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



UNIVERSITA a SI S

DEGLI STUDI &

FIRENZE LAB FOR ROAD SAFETY AND
INJURY-RELATED STUDIES

Introduction

SAFETY
POLICIES

INJURY
OUTCOMES

Injury Risk
Functions

(IRF)

INPUT

OUTPUT

%,

INJURY
RISK

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only

G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



UNI VERSITA g a SI S .
IF“[ }]{[[[E F\]JE)E' @ LAB FOR ROAD SAFETY AND I nt ro d u Ct ! O n

INJURY-RELATED STUDIES

SAFETY
POLICIES

" ineuT

INJURY OUTPUT
OUTCOMES
Injury Risk g % §
Functions "HISK.

(IRF)

INFRA-
STRUCTURES

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



ks Q?Slsﬁ The Challenge of IRF Heterogeneity

INJURY-RELATED STUDIES

SOME

@ Context Geographical & Coding Constraints  Standardization Issues
IRF * Local Validity

ISSUES...

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



Slotla @?Slsﬁ The Challenge of IRF Heterogeneity

INJURY-RELATED STUDIES

SOME

o @ Context Geographical & Coding Constraints  Standardization Issues
IRF * Local Validity

ISSUES... (%

Predictor Inconsistency * Diverse Inputs
= Velocity-based?

= Energy-based?

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



Slotla @?Slsﬁ The Challenge of IRF Heterogeneity

INJURY-RELATED STUDIES

SOME

o @ Context Geographical & Coding Constraints  Standardization Issues
IRF * Local Validity

ISSUES... (%

Predictor Inconsistency * Diverse Inputs
= Velocity-based?

= Energy-based?

A

SEVERITY

Dataset Imbalance

e Severity Skew

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



Slotla @?Slsﬁ The Challenge of IRF Heterogeneity

INJURY-RELATED STUDIES

SOME

o @ Context Geographical & Coding Constraints  Standardization Issues
IRF * Local Validity

ISSUES... (%

Predictor Inconsistency * Diverse Inputs
= Velocity-based?

= Energy-based?

A

SEVERITY

Dataset Imbalance

e Severity Skew

fix) b3

Methodological Sensitivity * Model Variety B,/

Fx

* Algorithm Dependency

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



| HERNG &?Slsﬁ Research Objectives

INJURY-RELATED STUDIES

Development of a novel methodological
framework that ensures:

1. Geographical Independence @

2. Predictor Objectivization ‘ Viodel-agnostic

feature selection

Cross-validation on geographically
different datasets

To obtain new car-to-car IRFs based on:

3. Pre-Crash Predictors Only %
Gy

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi




aSIS

St Pre-Crash Predictors
PRE-CRASH CRASH POST-CRASH
'g Context PHASE PHASE PHASE
4 N\ )

° 1 Approach

S

J

* Vehicle mass * Post-collision speed * Resting positions

* Wheelbase e AV * Residual deformations
* Closing speed  Deformation energy

 Impacted area  EES

* Stiffnesses * [ \ Several car-to-car IRFs

* [...] rely on AV or EES

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



UNIVERSITA aSIS
DEGLI STUDI &

"';‘,“;?J “j; F[RENZE &LABFORROADSAFETYAND Pre-craSh PrediCtorS

INJURY-RELATED STUDIES

AV

. Context . .
g The total change in a vehicle’s
velocity during a collision event.

° 1 Approach

From CRASH
To PRE-CRASH
Predictors

_ (retrospective
AV — Vr ) CMI formulation)

CRASH MOMENTUM INDEX

y1v2(1 + &) __ Kk
CMI = : V=i

(Y2 + V1Rm)

(prospective
formulation)

CLOSING SPEED

V. closing speed

k radius of gyration

h arm of the force

€ restitution coefficient
R,,, mass ratio

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



2, | UNIVERSITA
Z | DEGLI STUDI

QBSIS

LAB FOR ROAD SAFETY AND
INJURY-RELATED STUDIES

@) | FIRENZE

Pre-Crash Predictors

EES

The speed against a rigid barrier required
to produce the observed damage.

° g Context

° 1 Approach

From CRASH _ (retrospective
To PRE-CRASH EES o VT ’ CSI formulation)
Predictors
CRASH SEVERITY INDEX
2
Y1Y2(1 =€) L

CSI = Vim i n?

\ (1+ R )2 +v1Rm) e
(prospective
formulation)

50 km/h

CLOSING SPEED

V. closing speed

k radius of gyration

h arm of the force

€ restitution coefficient
R,,, mass ratio

R|, stiffness ratio

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only

G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



INJURY-RELATED STUDIES

g?SISY Why Use Only Pre-Crash Predictors?

To maximize IRF applicability across varying levels of data completeness!

L g Context CASE DATABASE STATUS I\ 4 EES Geometric and
Availability | Availability | pre-crash data

. (1 + Si)
. Approach Incomplete CMI (prospective)  cmi =122
l 1 (No Velocity-based x V V prosp (y2 + v1Rm)

j CSI = EES/V,
. —— CSlI (retrospective) /

5 Incomplete V x V CMI (retrospective) cmI=avyv,
(No Energy-based CSI (prospective) ., ZJ yiva(1—&f)

arameters
P ) (1 + R (Y2 + v1Rm)

masses
stiffness

Exhaustive V V V CMI (retrospective) — cMI=Av/v,
4 CSlI (retrospective) CSI = EES/V,

Minimal .
. CMI (prospective)
G & -
3 (Geometric & pre x x V CSlI (prospective)

crash data only)
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Area Under the Curve
.g Context DATASET 1 Ao (AUC)
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. Probit
. Comp-loglog

° 1 Approach

° .'-':. Modeling DATASET 2
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SEVERE INJURIES

E
TRAINING TESTING (MAIS 3+)
° g Context
LOGIT PROBIT CLOGLOG
VOIESUR 0.9503 0.9473 0.9471
! l Approach Databases NHTSA/NASS 0.8005 0.8104 0.8101
Worldwide IGLAD IGLAD 0.7217 0.7422 0.7420
° ::::::: Modeling Score 0.836 0.845 0.845
NHTSA VOIESUR 0.8336 0.8315 0.8304
L @ Validation NHTSA/NASS 0.8750 0.8757 0.8719
France VOIESUR IGLAD 0.8174 0.8217 0.8171
Score 0.846_~ ( 0.849 )  0.845
VOIESUR _+—08138 08079 07997
max (AUC;) + min (AUC;) A/NASS 0.8544 0.8557 0.8555
Score =

2 IGLAD 0.8297 0.8293 0.8340
Highest score Score 0.834 0.832 0.828
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MAIS3 + H o
IR _ ¢ (") @ is the cumulative distribution function Predictors (IN PUT)
- CDF) of the standard normal distribution. —
& context (A ° Xy = CLOSING SPEED
X1 — U Xy — Up X3 — U3 * Xp = CMI (Ego VEthl@)
n=potht—r— bt st * X3 = CSI(Ego Vehicle)
L l Approach 1 2 3 3
Parameters:
- B, Intercept
® I==: Modeling B1,2,3 Model Coefficients Training ROC Testing ROC 1 (VOIESUR) Testing ROC 2 (IGLAD)
-t 1 Mean (Normalization) 1 AUC = 0.8757 1 AUC = 0.8315 1 AUC = 0.8217
o Standard Deviation (Normalization) ' ' ' ' ' / ' ' p
0.9 0.9t e 0.9t it
Link Function: PROBIT / /
- . ° = 08 = 08r 4 = 08r /
o @ Validation g £ / g /
.. g 07 B 07T / 2 07y 2
Training dataset: S el S o6l L S o6l L
20 20 , 20 ,
NHTSA/NASS/CDS  §,s % 05| / % 0 Y
0] o / [0} /
2 04F 2 04F 7 2045 7
Databases @ 2 7 3 it
a 03 o 03 y o 03f .
Worldwide IGLAD S S / S /
= 0.2 — 0.2 // =02t //
Training ROC (AUC = 0.8757) | | Testing 1 ROC (AUC = 0.8315) | | | Testing 2 ROC (AUC = 0.8217) | |
» U.S.A. NHTSA 01 // - - Rreafler:rlzgce Line 01 /= ReesfeI:'Ence Line 01 /= Reezsf;TSnce Line
0 ' ' ' ' 0 ' ' ' ' 0% ' ' ' '
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
T False Positive Rate (1 - Specificity) False Positive Rate (1 - Specificity) False Positive Rate (1 - Specificity)
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FROM IGLAD DATABASE...

.g Context Geometric data (sketches) A
Vehicle data Vehicle A | |
(Segment C) l;j |
0l
. l Approach V=47 km/h Vg =70km/h ﬁ\\,

AV =33 km/h  AVg=29 km/h (Segln‘:m%?suw

--'
e :==: Modeling

° @ Validation

Pre-Crash| _ i
Viatrix
10 m ¢ " /IGLAD

COMPUTING...

R » * Closing speed (from velocities)

e CMI - retrospective (AV and Closing speed)

e (CSI- prospective (sketches, masses, stiffnesses)

¢

INPUT

IR = @)
(Probit)

OUTPUT

Ao
4

CLOSING SPEED
CMI (Ego)
Csl (Ego)

CAR OCCUPANTS MAIS 3+ INJURY RISK

A —Segment C 9%

B — Segment C-SUV 4 %
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+ &5 context Development of a novel methodological
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1. Geographical Independence

2. Predictor Objectivization

° 1 Approach

--‘
T Modeling

° @ Validation

o Further To obtain new car-to-car IRFs based on:

Steps
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Safety Protocols for
Regulation & Consumer
o L Approach PASSIVE SAFETY @,j_-

Transitioning to dynamic risk profiling

. Informing new or updated crash test based on real-time exposure rather than
® &= Modeling protocols by identifying the most critical Qash history. )

pre-crash scenarios from real-world data.

' @ Validation ACTIVE SAFETY @

. Further Enabling IR estimation in ADAS tests Autonomous Driving
- Steps against inflatable targets (balloons). @m
Due to their lack of structural stiffness,
crash accelerations are not recorded, and On-board IR computation to optimize
standard metrics like AV and EES cannot autonomous evasive maneuvers
Qe calculated. ) @ real-time during emergencies. )

Building Cross-Validated Injury Risk Functions for Car-to-Car Impacts from Pre-Crash Predictors Only G. Vichi, M. Gulino, A. Fiorentino, L. Bigi, C. Chauvel, D. Vangi



UNIVERSITA | DIEFE g aSls /-
DEGLI STUDI Pipaﬁirﬂgr‘ltloddi ~ & A g 1% = il = L/\N TIS
FI P\E N Z E ngegneria Industriale LAB FOR ROAD SAFETY AND = R

INJURY-RELATED STUDIES

THANK YOU!

Giulio Vichi, Michelangelo Gulino, Dario Vangi
DIEF, University of Florence (IT)

I_AB/ " Cyril Chauvel, Laura Bigi
- LAB, Stellantis (FR)

Anita Fiorentino

STEL L/ \N TS Stellantis Europe (IT)



UNIVERSITA
DEGLI STUDI

FIRENZE

Dipartimento di
Ingegneria Industriale

aSIS

LAB FOR ROAD SAFETY AND
INJURY-RELATED STUDIES

Intradisstian

The Challenge ol IRF Heteragereity

Lasls
e
SOME g
IRF

1S5LES,.

Building Cross-Validated Injury Risk ¥ -
Functions for Car-to-Car Impacts

from Pre-Crash Predictors Only

LT

Injisry Risk

s
Functions

- Mkl
-+ e i Oepradeeay

Giulio Vichi, Michelangelo Gulino, Dario Vangi
DIEF. University of Fiorence (IT)

Cyril Chauvel, Laura Bigi
LAB, Stellanfis (FR)

Anita Fiorentino
Stellantis Europe {IT)

STELLENANTIS

Presearch Objuctives

Developmant of a nowel methodological
framework that ensures:

e
=

L Grographicl Isfeperdests

I, — -

To obtain new car-to-Car |RFs based on;

.

i e —r —r -

Pre-Crash Predictors Pre-Crash Predictor

Pre-Crash Prediciors

EES

o reasimbs BF appdicalility scrce warying lewsl of decs compleissem!

mapcmasH tras oY -ERASH
1 e Pt FHASE FHASE 1 e hange i vehie's P S e sperdapaivita gl barrler reapaivesd D~ | = | i T |
i - "i. eie e s e P = Dy
b B sewsin [ “ b I e L s e o | e | o] e aa E
\ AF =¥, -CMI . 'u\':\'f.m EES =¥, . %] . ,I.v\._,\.f..-..‘ R I S -
— i P CRARH WRERTU R WIS Y RARH SPVERITY IMIEX Y Lanr
- mdaa - W © Mol e i —_— 1 0l =L % 5 v L e %
= g e * [olermpinn gepp M =TI {14 - '-~ - cer= I aFatl — 1 ; '-~ —— =
e el 3 - N .“..l T L I+ -I:_-'| ¥ ﬂ..‘l H )
e -1 H‘ Samannld ras dn w80 i et N . ! . ‘ v v ' Lo
I reby e 3T weiT |

Thee IRF Modeling Pipeline

[ ——— Ly T s e Fredrien (FFTL
P el L S EECEEE - ) e | e
= Rt J = o =ir—— a wn L men s ' 1y B O K hich]
L e [ARp— . dm - L o - * . T T S g ehida
Pl apaise. S =
S ey = —— _—
[: & gt wisinkie Darlindtion (WAE ] #ﬂ:-.-m-.._-.-h-- ._:: -
= Ll P e g [ ——— e
=
o Py p——— TR =
© Eemrw e Prrevsssan] T
HOW? T ——
Ll
@ i Case Study from IGLAD-PCM Dataset '] gor2=s Cemtlusian i =2 Further Steps

RN HLAD SAMRASE

Development of a novel methodological
framewaork that ensures:

comPUTIN
Cloming 3946 o

. ‘ O = ot o (3

O

L
[Reap—

]
L...i.-..-... it g e i

To obtain new car-to-car IRFs based on: o

1. Pre-Lrush Predicion Only m
i

SETHE BT

sy B v e WL

THANK YOU!

Gl Vighi, Michelangeto Guline, Dano Yang

LT T re—

Cyrd clumu Lau-- &q

LAB

Anta Frotertine

Shlents Civase AT)

sSTELLANTIS



	Sezione predefinita
	Folie 1: Building Cross-Validated Injury Risk  Functions for Car-to-Car Impacts  from Pre-Crash Predictors Only   
	Folie 2: Introduction
	Folie 3: Introduction
	Folie 4: Introduction

	Introduction
	Folie 5: Introduction
	Folie 6: The Challenge of IRF Heterogeneity
	Folie 7: The Challenge of IRF Heterogeneity
	Folie 8: The Challenge of IRF Heterogeneity

	The Challenge of IRF Heterogeneity
	Folie 9: The Challenge of IRF Heterogeneity

	Research Objectives
	Folie 10: Research Objectives

	Pre-Crash Predictors
	Folie 11: Pre-Crash Predictors

	Pre-Crash Predictors
	Folie 12: Pre-Crash Predictors

	Pre-Crash Predictors
	Folie 13: Pre-Crash Predictors

	Why Use Only Pre-Crash Predictors?
	Folie 14: Why Use Only Pre-Crash Predictors?
	Folie 15: The IRF Modeling Pipeline
	Folie 16: The IRF Modeling Pipeline
	Folie 17: The IRF Modeling Pipeline

	The IRF Modeling Pipeline
	Folie 18: The IRF Modeling Pipeline

	Cross-Dataset Validation
	Folie 19: Cross-Dataset Validation

	Example: Severe Injuries (MAIS 3+)
	Folie 20: Example: Severe Injuries (MAIS 3+)

	Example: Severe Injuries (MAIS 3+)
	Folie 21: Example: Severe Injuries (MAIS 3+)

	Case Study from IGLAD-PCM Dataset
	Folie 22: Case Study from IGLAD-PCM Dataset

	Conclusion
	Folie 23: Conclusion

	Further Steps
	Folie 24: Further Steps

	THANK YOU!   
	Folie 25: THANK YOU!   

	Summary Section
	Folie 26


