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ABSTRACT

This study was based on the black box images of traffic accidents on highways, cluster analysis
and prediction model comparisons were carried out. As analysis data, vehicle driving behavior and
road surface conditions that can grasp road and traffic conditions just before the accident were used
as explanatory variables. Considering that traffic accident data is affected by many factors, cluster
analysis reflecting data heterogeneity is used. Each cluster classified by cluster analysis was divided
based on the ratio of the severity level of the accident, and then an accident prediction evaluation
was performed. As a result of applying the Logit model, the accident prediction model showed
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excellent predictive ability when classifying groups by cluster analysis and predicting them rather
than analyzing the entire data. It is judged that it is more effective to predict accidents by reflecting
the characteristics of accidents by group and the severity of accidents. In addition, it was found that
a collision accident during stopping such as a secondary accident and a side collision accident during
lane change act as important driving behavior variables.

Key words : Black box, Highway, Accident severity, Cluster analysis, Heterogeneity
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EA)TF F 78302 FERYL, LA AP AFEe] FFE MAE 220 A AHLQ, =2
291, AL, ZRLAARN, /1 oE PRI 828 BEATS FI FFE WAL WSS
AASAOH], MY W BE SED)E <Table 153} ) A2 80L 78] LA voloh AES 44
Shglw, ERacle el g, PUAY, FHNFE 2EHQC Auecle A% FIPU, 455, An
T2 39, A3 FH 2 PR, 72210 R ADNGEIORY, 71 JUE =EsU. told] e
Ang wmsts] A5 bl e84 ol Mg TR BAS AWSRAT o] MFE FHEANINY
T (https://www kihasare k)] 55 &8ste] A, Ad, T, xdoE FEUT AL GFEA A
2% 4 gt A FAY W5 F AF DRATE YR, h=dY 5 22AUED FESA
U ole] wet A¥HE Ang gtk FURD AYS AT ARG AwE FAREE TP
FUARE A2 WA BT Aroln, FYAE 1YL AT A2WA AW FUAD BE OE
FYAFRANA A7 WA FYAZE A2 WA BT Abareltt, A F FEARLE AWl A
A 39 At B PPN FASHE AW BAT ATl T, FY F FBALE TP AP B
U A FYHe A Aol
<Table 1> Descriptive Statistics of the Explanatory Variables
Variable category Variable type Variable title Count | Percentage Description
Age (~35) 249 31.80%
) Age (36~50) 302 38.57% )
Age of driver Ratio scale
Age (51~65) 192 24.52%
Human factor
Age (66~) 40 5.11%
Male 646 82.50%
Driver gender Driver gender (male =1, female =0)
Female 137 17.50%
Single vehicle accident 7 0.89% | Single vehicle accident (yes =1, no =0)
Lane-changing accident in 7 9.07% Lane-changing accident in
overtaking lane e overtaking lane (yes =1, no =0)
Accident Lane-changing accident in Lane-changing accident in
characteristics .g. € 178 22.73% .. ge
driving lane driving lane (yes =1, no =0)
Accident while parked 387 49.43% | Accident while parked (yes =1, no =0)
Accident while driving 140 17.88% | Accident while driving (yes =1, no =0)
Rear-end collision 645 82.38% Rear-end collision (yes =1, no =0)
Accident factor Collision type Head-on collision 7 0.89% Head-on collision (yes =1, no =0)
Side collision 131 16.73% Side collision (yes =1, no =0)
Normal section 669 85.44% Normal (yes =1, no =0)
. . Construction section 4 0.51% Construction (yes =1, no =0)
Accident section - - .
Bridge section 8 1.02% Bridge (yes =1, no =0)
Tunnel section 102 13.03% Tunnel (yes =1, no =0)

Multi-vehicle accident 206 26.31% Accident type (Multi-vehicle =1,

Accident type

Vehicle-vehicle accident | 577 | 73.69% Vehicle-vehicle =0)
733 93.61% =
Road surface Dry 4 Road surface (Pry 0, Abnormal
Road factor Abnormal condition 50 6.39% condition =1)
Horizontal Right curve 29 3.70% Right curve (yes =1, no =0)
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Variable category Variable type Variable title Count | Percentage Description
. Left curve 34 4.34% Left curve (yes =1, no =0)
alignment
Straight 720 91.95% Straight (yes =1, no =0)
Downhill 6 0.77% Downbhill(yes=1, no=0)
Road grade Uphill 21 2.68% Uphill(yes=1, no=0)
Flat 756 96.55% Flat(yes=1, no=0)
Day time 595 75.99%
Time of the day Time of the day(night=1, day=0)
Night time 188 24.01%
Other factors
Clear 703 89.78%
Weather Weather (clear =0, abnormal condition =1)
Abnormal condition 80 10.22%

2. & A= 2AM(Latent Class Analysis)

A AlSEA (Latent class analysis)> HloJE A A 15 H
T3 W] tigk A3 mled] A #HoE ERE F e SAVHeth A A L]
3o £ FES It #F E4E 94T 4 gtk HFE Wl A ASEA gk 72

olgfje} Zon, V& TEHHTY HE ooy, KE 2449 AlFS Yehdth WgE S xEd 3 &

= T Sz A4S gebd 5 glon A1) o] £ 4 A ThH(Vermunt and Magidson, 2002).
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<Fig. 1> Flow chart of the study
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Analysis)= ZE3ISIT). o, A¢= AEE Agst HZ T +E =Est 4 7F 2 Al o
gt ZHsE. A ASEHE T =29 TS A A4 wel £F F 251 2 (Logit model) S

Fastdth. o8 il An AZEE 6253 wwsii

B d7e IE5EEE o E wBAL AR G Fv 29S TEE ER/E] sl A A
57 I AAEE IA B4 Aa, S APEALLR RS T <Table

55 % 73 AW AR golth #3 75 EZ3he dl AF838hE Latent
class®] A2 wo]x|¢k AKX 7]F=(BIC) (Raftery, 1986), Akaike®] AR 7]|F(AIC) (Akaike, 1987) &S A&
st SAE AT AIC, BIC #ol &5 A 2R o AFsivhe 21& Uit AICe BICE 4
?3), A @4)H)E yehd 5 Aok

A[C:—ZLL+2K .............................................................................................................................. (3)
BIC=—2LL+ MH(N) ......................................................................................................................... (4)

A7 Ll 8 A 21 $5, Ke 259 F, N #5399 o] <Table 2>= EF F4o] g
Parameter, LL, BIC, AIC 235 T (Cluster) FEZ YEFAT. 55 471 £7184E Parameter = 715
219k, AICS} BICE HI#H8HA] @=T) Akaike(1974)7} A¢HeE AICK = 2F 23S nlwsts o AHgdTh
AICHES] A on|7t glaL, AIC#e] did o= wrow o U2 BP0 s Hrishet] WA oR AIC
el 2oz} 4R Ze A ALd By Aolrt gle ALZ 7FFE3HTH(Charlton et al., 2009). Nylund et
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<Table 2> Determining the number of clusters

Number of clusters Number of parameters Log-likelihood AIC BIC
Cluster 2 61 -7238.706 14599.41 14883.86
Cluster 3 92 -6921.916 14027.83 14456.84
Cluster 4 123 -6775.474 13796.95 14370.51
Cluster 5 154 -6482.615 1327323 13991.35
Cluster 6 185 -6029.214 12428.43 13291.11
Cluster 7 216 -6240.423 12912.85 13920.08
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<Table 3> Summary of Variables Describing Cluster Characteristics.

Variable Probability Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6
Lane-changing accident Pr(0) 0.9335 1 0.8587 0.7369 0.9519 0.9144
in overtaking lane Pr(1) 0.0665 0 0.1413 0.2631 0.0481 0.0856
Lane-changing accident Pr(0) 0.7876 1 0.697 0.2631 0.9327 0.7223
in
driving lane Pr(1) 0.2124 0 0.303 0.7369 0.0673 0.2777
Accident caused by Pr(0) 0.491 0 1 1 0.2779 0.538
stopped vehicle Pr(1) 0.509 1 0 0 0.7221 0.462
Accident caused by Pr(0) 0.8161 1 0.4443 1 0.8374 0.9209
driving vehicle Pr(1) 0.1839 0 0.5557 0 0.1626 0.0791
. . Pr(0) 0.9428 1 1 0 0.9423 0.8584
Side collision
Pr(1) 0.0572 0 0 1 0.0577 0.1416
. . . Pr(0) 0.6887 0.7023 0.7537 0.8949 0.5966 0.8432
Mutil-vehicle accident
Pr(1) 0.3113 0.2977 0.2463 0.1051 0.4034 0.1568
Weather_abnormal Pr(0) 0.184 1 1 0.9211 1 0.9552
condition Pr(1) 0.816 0 0 0.0789 0 0.0448
Road surface_ abnormal Pr(0) 0.2929 1 1 1 1 1
condition Pr(1) 0.7071 0 0 0 0 0
. . Pr(0) 0.7312 0.762 0.7438 0.719 0.8942 0.6696
Night time
Pr(1) 0.2688 0.238 0.2562 0.281 0.1058 0.3304
Pr(0) 0.8866 1 1 1 0.1059 0.9789
Tunnel
Pr(1) 0.1134 0 0 0 0.8941 0.0211
. Pr(0) 0.9433 1 1 0.9395 0.9904 0.6725
Right curve
Pr(1) 0.0567 0 0 0.0605 0.0096 0.3275
Pr(0) 0.948 1 1 0.9583 0.9817 0.5472
Left curve
Pr(1) 0.052 0 0 0.0417 0.0183 0.4528
. Pr(0) 1 1 1 1 1 0.5985
Uphill
Pr(1) 0 0 0 0 0 0.4015
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T ol7IFolMA W eV AxEA| B2 AFolA wEAat AF AT 7 28 v 1% 2
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A7} B AF BASYO Aol w@ Avs Al ASos RE A} BAsAT 53 B
A3 v o o2 FFATel B U Aus Be 2oz Ueh 23 Aba 5§l e oz BAw
Atk 7 62 BWAYol 3 FAH Roh o =ut F7ho] PrjHoE We A0 vehout, g £ vl
sl AL Egel 71 nER Ao EHE
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& Aol A AFPRo] FA AZTEA HHAA HA #F e o2 EFHAD, ol 72 E F
ARl AL AZtEE B4 ARaLel S AFAL LR TSk O BN &S RIS <Table 4> %
H FEM25 9 FA 8, B4 AR3l(Possible injury) 2t F/d AFEAFIL(Severe injury)e] A& gholth HA &
B 5 g A NS 73 2322%) 2 7P Ba IS0 T3 3(244%), TF 4(14.5%) <02 e
o T 29 7 30] AAY 56.6% = REF oS AAEAT 3 AL A9, 7 3(35.7%)0] 7Y BAL
aggo 2 F3 430.8%), T 2(147%) =22 YET S AT A9 71 2(36.1%)7F 7HE B
T3 321.9%), TH 5(153%) «<O& YEFyt

ox

<Table 4> Injury severity share across Clusters

Severity injury

Cluster Cluster size Possible injury Severe injury

Cluster 1 (71 Case, 9.03%) (10 Case, 6.99%) (61 Case, 9.53%)
Cluster 2 (252 Case, 32.16%) (21 Case, 14.69%) (231 Case, 36.09%)
Cluster 3 (191 Case, 24.36%) (51 Case, 35.66%) (140 Case, 21.88%)
Cluster 4 (114 Case, 14.50%) (44 Case, 30.77%) (70 Case, 10.94%)
Cluster 5 (104 Case, 13.27%) (6 Case, 4.20%) (98 Case, 15.31%)
Cluster 6 (51 Case, 6.68%) (11 Case, 7.69%) (40 Case, 6.25%)

PR W RE 5o v& Uehy

o)

<Table 5>&= 4 71 3ol tigk AP s 2 AP I3 #S5gkolth #3 1, 74 2, #4 5v 7%
ARRL O] 2 APRARL Bl o] A SR EA] vEeRde wel AL A7 R T2 JFClth B E 3
3, 4 4, 7 62 A A}i ] S APRARLL B Eo] JTHA O R o Alal AZtET) B OFo R &
FEHAD Al A4 =7 £ 2FEH 1 2, 52 AR F FEA UUEE 2ASkAL 9o 23F Akary
TAAZ A Fgol A HAsE Alale OIUMoHﬂ Z AR EAHAY ZF T odrFe =1
o] AZ3IA 2 FHAAE AL AAET & AR eyt B8 A T FEALE AZ/-A AL
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<Table 5> Characteristics of accidents by Clusters

Cluster Characterization Possible injury Severe injury
1 High risk accident 10 61
2 High risk accident 21 231
3 Low risk accident 51 140
4 Low risk accident 44 70
5 High risk accident 6 98
6 Low risk accident 11 40

2 AFE A ATENES T8 229 oA A 2 tis] 23 Z¥(Logit model)S F3 3
AL AR EE dFth 71E HolHE 55t AEE HolHE ASshe WHOE od 24 23S
AHE-SFATE <Table 6> Tlo|E] AE FEHHA A o] Fx|9 ASZAE A g 1EERE AMLL 783705 #4

o AHg3A A, HE tlolElE g<5 HolEl(70%, 548719t 7t HIlE|(30%, 235/ E TEFAT AkaL 417}
7 =2 OH5FA 1, 2, 52 LTNEMA, <5 BlolE(70%, 208712 E7F Bl E(30%, 129712 2319
I, A AT e FEA 3, 4, 6)2 3567/NEM, 85 H o) E|(70%, 24971 71 Bl o) E1(30%, 10770)
2 7o HEFAHR 4323 S FY3ATh

(3

<Table 6> Data composition

Entire data High risk accident Low risk accident
Total data set 783 427 356
Train data set 548 298 249
Test data set 235 129 107

23 2 (Logit model)d] &4 5E H7I5l7] 8] & E7F3E(Confusion matrix) 7]¥Fe] % & = (Accuracy),
A d & (Recall), 8EE(Precision)& Al4FstH o™, 1 ZIE <Table 7>l AANSAT. A== AA HolH
T F dF AFet AAFho] 22 HolH e Hl&olx, APEL HA Positive?] WY F AZH AAZko|
Positive2 Y X|3+ t|o]H 9] HlEo|H, AUEE oSS PositiveZ ¢+ U1 5 A= AAIGLo] PositiveZ Y
213 dlolEle] vl Eolt} o]zl £F B A% SHAA AGrint ofue} AdE&H AUEE A
o YEPATE <Table 7>l Z+7+9] train data 2 test data 5ol T3l W AISHE 1, 241 23 (Logit model)2] o=

Vol.21 No.6(2022. 12) The Journal of The Korea Institute of Intelligent Transport Systems 141




SUsA Ay Y DHER ADRY 2R U ALD AT o5 Fot

Bes Brrely] A8 Y AEY sH S B3 HAgs UETh

<Table 7> Results of confusion matrix

Accident data Train data Test data Accuracy Precision Recall
1. Entire data (Clusterl~Cluster6) 548 235 0.782 0.813 0.937
2. High risk cluster data
(Cluster] + Cluster2 + ClusterS) 298 129 0.816 0.876 0.923
3. Low risk cluster data
(Cluster3 + Clusterd + Cluster6) 249 107 0.789 0.825 0.910
27719 S5 e el AgEs A dolHAA 782%% Uetston, AdE2 93.7%, AU Es
81.3%= YEREIL, Al AAE7E & THoA AIEE 816%E UEon, AdE 3 AUss 747

= "1—__; h
AZte7} o 2o AL 789% 2 UEGT zﬂﬁd% g “?J_E—t— 4y
7t 91.0%, 82.5% = UEtRTE ZAERY 4 Ay v H2 JPAL 455 TP | A
A E E(Recall), FY = (Precision) =5 0.75 o|A 02 E=HAc) + JHEE F3h3S o, 7=
O Al ANEE 22 O5FF W J%EE o] £ o @ﬂEQ} AEE ghol @Ptﬂﬁzi =
< 3
=

92.3%, 87.6%= EAEATE Ak

ki

%El%lﬁ‘r 11—‘:— UXH ASE

1%

41, ﬂfé t&?é #AA $HE HIE LAl AL AR €59 dYARE B8k Zo] 4% Bt
of a8 og Agagrh =3 AW A7 xel whet vlojHE EFR3e Aol AnF dZo] AAA
Q Aoz Age,

B AT nEERA PAY BEAT S G

5SS 9 F de A FAYH, 71 2 2H AE T A FAA F20] T dEe A
HEE 83T w4 HolE e oldASs sty sl & XH Al&E4(Latent class analysis)2 ©]83}
WEAL 54 ER75HL, EFH vHE EUE o|FEARYS A&t dISAH TS EAsATh
T wEAL EAS B8] S8l Al AlFEA S FEl AICQ]— BIC 7S AY9AEE 6719 HF &
A FE EEFsAh 6719 7w 74 AhaL EAS AW RYA, FAF T FEAL, oIS A B, =
A e AAG AW AH, FAAE W AERA AL B, gsAt, # A7 So] 2R 7%
Eo7 BN E3] AHAe] 3 Elj(driving behavior) ZHoll& 23} Alarel 2 A} F FEAAL}
Az g FEARL HIE FHAOE AT AT 22 Zlo g Uit olgd A= FE At
F FEAL AL AR G PAE 7€ =53 Aot Aok & AT Ade FEALE AR F
FEAL B T F FEALE AZEEt et B3 o] 37| S kW AE7E AxskA] 2 ' 8
& AL Ape B 715 Blsl 2—1 A e} AL A EE iAo R & ZloR BAEJY 14
2 Y HEFE thh o] 78 X O R KYshe A&elA hegol TAsta &8 o] et ERE Al
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