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[Abstract]

This study proposes a digital Risk Index to quantify traffic risk arising from interactions among heterogeneous vehicles in
mixed traffic with autonomous vehicles. Conventional Time-to-Collision (TTC)-based approaches rely on binary threshold-based
decisions, limiting their ability to represent continuous risk levels. To address this limitation, TTC was used only to define risk
states and was excluded as an input variable. Instead, the proposed model estimates traffic risk using relative speed (AS), braking
insufficiency (Brakelnsuff), and their interaction term. Although the reference model including TTC achieved the highest
classification performance, the proposed TTC-free model demonstrated reliable predictive performance, achieving an ROC-AUC of
0.790 and an Fl-score of 0.736. The proposed Risk Index quantifies traffic risk severity and identifies key contributing factors,

providing explainable traffic risk information for intelligent transportation systems.
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Table 1. Variable definitions

Variable Name Symbol Definition Preprocessing Method Risk Direction
Time—to—Collision TTC Remaining time u\:}éaigglslswn between two Not used (only for risk state definition) | | Higher risk
Relative Speed AS Absolute speed dlfflerenpe between two Min—Max normalization T Higher risk
vehicles, |vi — vj| (m/s)
Deceleration Rate DR Longitudinal acceleration or speed change Negative vaIEes tra.nsformeld into _
rate BrakeMag = —DR; otherwise 0
) Magnitude of deceleration . . ) '
Brake Magnitude BrakeMag (=DR, when DR < 0) Conditional transformation | Higher risk
Brake Insufficiency Brakelnsuff Degree of insufficient braking 1 — MinMax(BrakeMag) 1 Higher risk
Interaction Term | AS X Brakelnsuff Interaction betvwee'n re"".‘“.ve speed and Multiplication 1 Higher risk
braking insufficiecy
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Fig. 2. Research design framework for the traffic risk index model

4 A3l = MinMaxScalerZ #8313l o, 14] A3}
ANAEE Fral7] fls) vloly 83 29l gk #AgelA
random_state=425 A&} c}

)% Risk Index@] 2722l a4 Logistic Regression
o] 3|AAIG9} Odds RatioE 7]+2o.2 3313l SHAPY}
PDP+= 5¢3%F 18 W5 AH8-3F Random Forest 3% &
9GS gidoR A8siglon, Wy Fael ndEA g
o] A o5 Ao TAshks d &-8agitt
2}4 Random Forest 7|9t SHAP % PDP Z¥}= Logistic
Regression 7|RF Risk Index A9 2Hs Whajog 3)j4s)
=] e¥gket.

PDP #41& &d3 370 94 ®FE ARESE Random
Forest #x %93} HlAE dolE 1487L oz 43
At} scikit-learn®] PartialDependenceDisplayS &
siglom, W4 A 7R 72 A9 FHdl 100709] 1
2= ¥RJEE 7|Fo 2 AE3elk. PDPE 2 gk Ws)
of w2 Byt o5 gEo WskE ERIs] Ag HE wA o
=2 &85t

a9 2+ dloly 33} WA, RiskTarget “49], Risk
Index B9 35, B9l Ad%s Bla, a4 &4 2 Alue] Q. ]
W2 ol £ AT A B Hakg vl o=
AT AAS HF AR JIFA o8 ARG Q)9 o]t

3-5HAE ol 3R 2o X 4 A AL B4

A= Risk IndexE @58 4 A7) ofye} tiX]
g Sl AA-fe- 4] 7hset 913 R ZrRIE(Risk
Information Content) & 338} 152 Aeksic),

A AR Fd= AP 2= 19 33 o] Risk
Quantification Layer, Risk Interpretation Layer,

Explainable Content Generation Layer, Content
Delivery Layer?] 4©HA|Z F-2d ¥t}

S 3e 17 29] AT 4] Ao} g, Risk Index}
AEH O|F 917 £ AN, AEE TR AN L A

AYR oloA)t 29 £79) An Ae] T2E vepdn,

Explainable
Content
Generation
Layer

Risk
Quantification
Layer

Risk
Interpretation
Layer

Vehicle
Interaction
Data

Content
Delivery Layer

O 3. CXE /e g FH= 4 7=

Fig. 3. Structure of Digital risk information content generation

http://dx.doi.org/10.9728/dcs.2026.27.8.2297

‘ Risk Index Model
D Logistic Regression
¥ Risk Index @~1)

.8, pp. 2297-2307, Aug. 2026

5
[aN
D
>
it
o
il
_(:»‘L
K
Ho
i)
-
FN
=
£
_ﬂ
m>”
o, »
N
JF
o
ox
f
ox
ox

$e A T TG Auls o] dgels 58S
74,

1) Risk Quantification Layer

o] @Al A= 213k 7+ A a3 2g HM4=(AS, Brakelnsuff, A
SXBrakelnsuff)S Y& o2 3}o] Logistic Regression 7]
vk Risk IndexE AF&3t) A% Risk Indexs 0~1 ¥4
o A&gto s R, o) wE A8 A 93 2
£ Yehlle 7 Are G8Hnk

2) Risk Interpretation Layer

Risk Interpretation Layerol| 4= 3.340| A AAEF 9
= 719 717138) 7150 we} Risk IndexE Low, Medium,
High +F0.2 Wit} o] Fiish= 1274 ddl dAFke]
olzg}, ¥4 dlolE]ol|A 2&% Risk Index?] X Z 7|5

o @ S s WAl

3) Explainable Content Generation Layer

Explainable Content Generation Layerol|A+ SHAP
9 PDP 4] Z23E d-8ato] 913 24 a1S A9 7hsdh
AR gt o]& Wes] 9 s AN AS |
o] 9ol WA olfE I AT ANY Td=
(Explainable Content)E AAsli= wAlo|t} o]} e A
B AN AT Aswe] oAbay nas AR
A0l 918 914 AnS AlFshs o 289 5 ook

4) Content Delivery Layer
HEHoz PAHE 93 Ar FelxEe IFF kG do
A Aarst 7led A 7K VS A8 Ag A
A A, 2% Ul tj=Edlo], AHEFa AR A4,
& =9AE o 918 RUHY APL Fo= g 4 9tk
19} 2ol Risk Indexi= T3k 4 A5 Hol
AR A A AAE 7Fse tAY 2RlxE E8E
At} Aleteh= Risk Indext ©edh 913 oS mElo] ofy
o} A AES A Thse FElE AT o] & theket
YAg ARjzo A &8 7 Felxs HElkshs &
A 2 dl(content generation model) 2412 on|E 717t}
g B 2 9 54 2polE A5 Al T 7HA
Al 5 ARSI Ave] e 12 HDV 100% $7do=,

N

Bl

e



A8k HDV 50%¢} 22 HDV 50%% 7438tk Alvke]
L 2% HDV 50%2} AV 50%9] EA] 373 o=, Uit HDV
25%, 824 HDV 25%, RF2 AV 25%, 242 AV 25%
=2 7333l
2 3% 23S HDVel Wiedemann 74, AVl
Wiedemann 99= #8313t} duk HDVE] o Auk-5uk
FAARE 247 3 0m9]- 200m, 3t FAAE= 3.0m=
ARsG om §2A% HDVE 2H2} 150m, 50m, 1.0m= A
Atk B42 AVE B3 £% 30km/het XFFA1ZF Al
AV 53 £% 60km/h
o} CC1 0.622 A -galo] 21k 7143} 71 EXS 2P s)a)
Atk B Afol M= Level 3~55 ZH2F E-81714 CACC
7S HER A @31, BEA-3AH A o] - e
g 2po)E 3l AHETAAke] =8 EAS BAISIT
HF B2 5= HDV 100% Alve] L 299 A3 HDV-AV
A AU S 1947102 FAFEE T AU 2= Eost
T2 7 A% e 21, 4 A AAk 4 SSAM 94 7]
5 Agargion, Al Adnet & A skEtrlEld] A}
o]Z T2t} Z+ Ay 2ol tish Risk Index E¥*& H|uls}
3, 7 e 2 Afols HAEFs] 98 sHEE —-HAY
Mann-Whitney U 774& 34313t} o1& &3l % 37
Hslol] w2 919 5 2 B 548 248}

Q
O
—
—
[@)]
B
Ll
2
oo
ol
ol
@ 7
i:]
o F
BRI
_Bi

Iv. Za 3 24
4-1 Risk Index 22 EA

Okx] Aotsl Zelx A FXE 7|82 Risk Index?]
By 2 A5 439k Risk Index® TTCE Y48 W
ol A A|2])3F AEfjell A Logistic Regression 7]¥FC.2 Al&

wlom I w3 548 19 49} L

i

Distribution of Loglstlc -based Risk Index (TTC-excluded)

i === Low/Medium
=== Medium/High

Frequency

0.0 0.2 0.4 0.6
Risk Index

AFBSIX| 9T olsH o=

=

O 4. AR 7B ERE =
Risk Index2| &=

Fig. 4. Distribution of the proposed risk index, showing a
continuous risk spectrum without threshold-based

discretization

]
g

nE AKX S 2 HA I SiA: TTC 7|8 2IE Moot o x|H

A7}, Risk Index®= 54 731l FskAl A55A
‘ﬂ' o kel ¥ 5 Wl 53] Risk Index
_/|: ./] -r] oﬂoﬂoﬂ;q )\]—EHX-IQE l-:_g u]I:.E_ H
glom, o= thiie] 45 Aol T3t $17 ol 1A%
S oujgit}, olggt ¥ 7| TTC 2 PET 74k djzet
54 QARS FHOE 97 oArs e
& T2 = [1],[2], Ak 2357t g A
& TS 0 889 5 g nel
9T 7S 289 917 9% R 29 Low, Medium,
High 7] v w% #9402 Fshe 202 vekdrh o
= Risk Index7} 57 Azl o)3alx) 931 toret 919 4
FG S WA 5 gl TR Ik WolA 1
=3

O{N 2 2

SSM 7l A o] T4 HgY2 7k olefd A4
By Exo o3 AR tlke 430w g sl 4 grkis
Aol Zalz A4 B F2% oS sk

Logistic-based Risk Index by Scenario (TTC-excluded)

1.0 4 o
o
o
0.8 1 -g-
% 0.6 1
o
=
£ B
%)
oz 0.4
0.2
o
0.0 1 ] 8
HDV Mixed
Scenario
O8 5. AIsFA 2 241 28 28 24 ZHRisk Index

=X Hw

Fig. 5. Comparison of risk index distribution between
autonomous vehicle operation environments and
mixed operation environments

9 Hol|A] ypERd upe} o] 7 AV .Y Tak oF
0.45 FF o2 FARSHA Vel o A Q1 3
L & Aol TEEA estrh Alve|eE A4 A4
= 3 29 2k

HDV 100% Alvte] 2.9l S+t Risk Index® 0.490, =4
Alug]2.o] Bt Risk Indexs 0.4530 2 Vet =H3E
2 t-AAolAM = 7 ko] "t Aol SAK SR {olst
oK p=0.0219), Mann-Whitney U AN = AA &
3£9] Apol 7} SAA 02 folakA] EUtHp=0.0627).

http://www.dcs.or.kr



C|X " 2El = &t5[=&X|(J. DCS) Vol. 27, No. 8, pp. 2297-2307, Aug. 2026

E2 AL ZHH|WE 2
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PDP for DeltaS_s - Same Input Variables
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