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ABSTRACT

This study aims to classify the severity in car crashes using five classification learning models. The dataset used in
this study contains 21,013 vehicle crashes, obtained from Korea Expressway Corporation, between the year of 2015 -
2017 and the LightGBM(Light Gradient Boosting Model) performed well with the highest accuracy. LightGBM, the
number of involved vehicles, type of accident, incident location, incident lane type, types of accidents, types of vehicles
involved in accidents were shown as priority factors. Based on the results of this model, the establishment of a
management strategy for response of highway traffic accident should be presented through a consistent prediction
process of accident severity level. This study identifies applicability of Machine Learning Models for Predicting of the
Severity of Car Traffic Accidents on a Highway and suggests that various machine learning techniques based on big
data that can be used in the future.

IIHE
Accident Severity, Influencing Factor, LightGBM, Machine Learning, Prediction Model,
ARIL A7 4 291, gtolE Y F2a' B V1A g, AL T S By

+ Received @ Oct. 07, 2020, Revised : Nov. 11, 2020, Accepted : Dec. 15, 2020
« Corresponding Author : Jeong-Ah Jang

TOD-based Sustainable City Transportation Research Center, Ajou University,

Email : azang@ajou.ac.kr

» OFFCHE M WEAIAHZ ST} SAIE (hm0625@ajou.ackr)
» H2HMA : olFHiET WMEAAHESEI HFIE
(wisrytir@ajou.ac.kr)

oo WAIKA} : OFFINSI D WEA|ARZSED} A m
<™ 52020, 10. 07

. 2tz 2020 11. 11

AR =S Y 2020, 12, 15

1123




JKIECS, vol. 15, no. 06, 1123-1130, 2020

.M B
20174 7% $uet wEAlas F 1149 33 17
570 1 HFAE AAA X2 Fatkstd oF 40
ol

SZE RN =
TEoth 53] A&EER WEARLE A wFAL
A9 2%l BHSAINE AFgAEE 2 A 9] 6%,
AR 3% @it 5 AlndgE AT Y
b A7 Yeete AZkek Abazh
3 AEERO 23 WEALLE AF XAEL o 5
0%= AA wgabare] AR 33v] A
T RN FE RV 33 E2%e] vXE A
v aztel et wal, B Weel Js v
ol st ZHoA TEER AT = A] Al&3a
FYAQA W o X Aol Fasith A&
AtA S Faste] Alal HA Ao BHE 4%
3 Adslele A A Wele] n&HER o] g4
SolAl HRE AFste] gk AR 5& 53 uEA

I T

2 fo
2
=2
>

>
>
£
_}Ly
Ach
>

N
N
L
N
fo
o

A4 e nsEE mEAD delge] 4
FRELIAIAE AA)EoR Anslsle, Ay
A, B AG 2 AFom Ane Js) Aud n
o WEAR H7ES SHshse] ADROR BRa)
o gk e AD SRl 44E 5
Aol el thE Shem wRwel AmAll

& BARI AHE 6 gor], AuRe olF
A7) AVt e g AR e A A

1=}
B
2 s A EAZF WAE] slen, AR
E

ol
ol

R -

T A U <A R Y A

LR | R A ST A

o oo 2 Jo N g ol

ox 1o v 4 m> K

e

o2 o
o%

N
I~

o

8o

olrt
il

£
e

oo

ot il

KoKt

2
rl

bt
i
Rl
off

e
i

at
do
S

%

I
)

29
Bl oo
(o3

=2
XN

L
bt

Fo rlr
re

2
By
oN
lo,

= ¢
Bl §

tlo

B

ol S

et

ki

(

of
=
32

o
>

g Zwel A ApwAelAzte] Aske

2,
Ny, =

= A7 $

UEAILSHF EF 2 o=
= oA AFE FYsT 9
= 7AgEIH 5 sl

i
2

i X o
=
bod
4
oo

N rlo
1o
o
ot
[
~
O
fr
Ry
N

o] M= Al A

i)

=

=
o

Boosting Model, ©]3 GBM)

Data Acquisition ]—-

Data Splitting

H Testing of Models H Model Selection

« Data collection
+EDA

+ Variable selection
+ Pre-progressing

« Pre-progressed Training dataset  +LightGBM

« Pre-progressed Test dataset

a8 1.

+ Comparison between models
« CatBoost + Feature Importance
+XGBoost

« RandomForest

« AbaBoost

SA WHE 9l o7 Z2NA

Fig. 1 Visual representation of analysis process

1) https://www.koti.re.kr/user/bbs/BD_selectBbs.do?q_bbsCode=1005&q_bbscttSn=20190723133356319
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Table 1. Descriptive statistics for selected variables for analysis.
Category Variable Total Numb‘?r of Description
missing
Environment Time of Day 21,013 0 Night (8PM-5AM); Day (6AM-8PM)
Characteristics Weather Condition 21,001 12 Severe Crosswinds; Snow; Fog; Rain; Hail; Blowing Sand; Sunny
Incident Point 21,013 0 TollGate; Ramp; Road Work Zone; Station; Turnel
. . Link segment, Highway shoulder; Diamond-shaped Interchanges;
Facility Incident Point2 20973 40 Clover-shaped lf::rchan%@f,th)xlmpet Interchanges, Emr::ce Ramp; (ihers40
- Reversible lane; Acceleration Lane; Deceleration Lane; Exclusive Bus Lane;
Characteristics Incident line type 13293 7,720 Shoulder; Road Wol"k Zone; Entrance (;f highway; Exit of’ highway; Inlerseclion’s
Facility 20,654 359 Guardrail; Barrier(Fixed Barrier, Stiffened Barrier, Concrete Barrier, Mobile
(Median) ’ Barrier); No Median; Others
Road End Slope 21,013 0 Flat; Slope; Downhill
Characteristics Surface Status 21,013 0 Dry; Humidity; Snow; Others
. Jaywalking-pedestrian
Type of - Accident 20,569 a crash; Frontal crash; )lllear—eni pcerash; Side-on crash, Others
Accident Rollover 21,013 0 Rollover
Characteristics Fire 21,013 0 Fire
Jacknife 21,013 0 Jacknife
Underride 21,013 0 Underride
Traffic Problem 20936 7 Sm‘tiona.ry vehicle ‘on the higbway shoulder; Traffic congestion; Unexpected
) e situation congestion; congestion caused by work; No other problem
Risk Characteristics Fallen object; Water-Reservoir; Slippery surface; Deformation; Soil erosion;
Obstructive Factor 20,936 77 ? ’ ’ ’ ’
Pot hall; Others
Compact Vehicle; Subcompact Vehicle;
Vehicle type 19,171 1,842 Midsize vehicle; Sport utility vehicle; Heavy Goods Vehicles(Bus); Truck;
Others Tank lorry; Others
Accident involvement 21,013 0 Number of involved cars in road accidents
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Table 4. Evaluation of machine learmning
classification algorithm
Machis . Rand
U Tight | CatBo | XGBo | AdaBo °
Le € GBM ost ost ost mFore
Algorithm st
Accuracy 0.7642* 0.7595 0.7559 0.6505 0.7466
F-1 Score 0.7532* 0.7439 0.7385 0.6512 0.7309
Precision 0.7418* 0.7303 0.7222 0.6525 0.7148
Recall 0.7650* 0.7581 0.7556 0.6500 0.7478
* Highest value
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