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Table 1.1 Definitions for six levels of driving automation

Level 0 Level 1 Level 2 Level 3 Level 4 Level 5
No driving Driver Partial driving Conditional driving  High driving  Full driving
automation assistance automation automation automation automation

2019). quaw ol 3 71ed I H A R A7 AT
T Hokg YT YT (Jin 5, 2023), o|¢} tEo] A& 2=k Aol
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Az Yol n ¥ Hel= (California department of motor vehicles;, CA DMV)2] X}%—,Z— 3y 22 =
= HIAE o] &3 7 TEL T2 Zt) Das 5 (2020)2 Wo]z|¢t FAHFYLS B8 A-LF
6719 4= FeAHE EF3T Boggs 5 (2020) o A&y
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%ttt PDF 34 Oi HolE BIuA A HH & FAYe R B 5o tolH 3tdS e 2
AS APt RS diolE = AT AF QAP AR DA SR, At A AP, AHES
A Az dx, AR A= ARGA, AEFY ApF B, AL A AR AP, CAEA] S
ALBARP, HA AF 2, AEFY AF G AR ‘x]'E—%—Hg 2 4 B9, A AR AR
T, 4 A B, (R BT AR AR 718, ARDL A Ale] @), ‘R CER BT, CER
”ﬂ]’ X}eFl (autonomous vehicle, AV)3} 2}=F2 (other vehicle, OV)2] ‘T A AL, 2=F 134
Ab29] ‘' §8, 71 Al vh A S thE AR 8.9 Solth
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%ﬂ%%ZWWP%%ﬁéﬂinh“?%%%T%@%%ﬁéﬂﬁiﬂﬁﬁq.E@FQMMMQ
ol B ol AEE AT AN 715e BEske] AT A9 At By

A o ek M v
o 3 o —
SATh AR AU AR AR 7] S5 st WS A weolilen, A (A, XPXJH, B
o) NS o] o = = & o= 2 o]l = = ===
WAo] Aae Ao AeFY Aol AhE AT ATAT AR £4 AT Heln BFE A
3N = \=] \=] =] o H A [e) \=] [e)
ook, FAAAF o F I AL AR 7152 B3 BAAAPE Rad ygol e A9 A s
o =] o> H 9 = _ -
e A FA4A s, T W0l Z15H A dgkS e (R BEeR VAt ol @
A HgES Sl 629709 HolE 7} whEolHal B4 ol 285 3ot
Table 3.1 Pre-processing of variables
Original Original Derived Derived
variable attributes variable Attributes
None, Minor, P .
Damage level Mod, Major Damage level Minor(0), Major(1)
Description - Accident cause Others(0), Autonomous vehicle(1)
Description - Injury Not reported(0), Reported(1), Unknown(2)
Driving mode Autonomous mode, Driving mode Autonomous mode(0),
& Conventional mode & Conventional mode(1)
Daylight, Dust-Dawn,
L Dark-Streetlight, P .
Lighting Dark-No streetlight, Lighting Daylight(0), Darkness(1)
Dark-Streetlight not functioning
Involved in the accident Vehicle, Pedestrian, Involved in the accident Vehicle(0), Pedestrian & Object(1)

Object
Stopped, Proceeding straight,
Ran off road, Making right turn,
Making left turn, Making U turn,
Backing, Slowing/Stopping,
Vehicle 1,2 movement Passing other vehicle,

Stopped(0), Driving(1),
AV_MPC Parked and backing(2),

proceeding collision Changing lanes, Parking maneuver, Ch ing 1 d direction(3)
anging lanes and direction

Entering traffic, other unsafe turning,
xing into opposing lane, Parked,
Merging, Traveling wrong way,
Other
Chevrolet, Chrysler, Cruise,

Ford, Hyundai, Jaguar, Chevrolet(0), Chrysler(1), Cruise(2),

Make AV_Make:
ake Lexus, Lincoln, Nissan, axer Jaguar(3), Toyota(4), Others(5)

Mercedes-Benz, Toyota
Head-on, Side swipe,

Vehicle 1.,24 type of Bear énd, Broadside, OV_Type of collision Not between vehicles(0), Head-on(1),

collision Hit object, Overturned, Side swipe(2), Rear end(3), Broadside(4)
Vehicle/Pedestrian, Other
Dr; s
Roadway surface ry, Wet, Roadway surface Dry(0), Slippery(1)

Snowy/Icy, Slippery

SECTION 5 — ACCIDENT DETAILS - DESCRIPTION

Xl Autonomous Mode  [J Conventional Mode

A Zoox vehicle (Vehicle 1) in autonomy was traveling westbound on Chess Drive in Foster City when a parallel- parked passenger car
(Vchlcle 2) abrutl cmcred the Zoox vchxcle s 1ravel lanc from a parking space in the right arkm lane thhout ie dm or activating a

Both vehlcles sustamed maderate dﬂmage and the Zuox vehicle was
s|land police were not called.

driver side door and IcHt front tire/w] cel we 0 t € passenger car
towed from the scene. There were[no injuries]

Figure 3.1 An example of accident details for the new variables ’Accident cause’ & ’Injury’
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3.2. YAH A EA
AReE 62079 HoEE vgow SA4 A8 24 9 RURE SYsech AR gad ¢
/\-1 ﬁ;}-—— Table 329]' Table 3301] Zﬂ/\] ]—MJ_’ o]oﬂ [q_% z9 /\]}\]_;‘(:_]'% 7‘}%_] B-Q—F-]‘Eﬂ :S.Tl]— ZE]'

.

Table 3.2 Number of accidents according to damage level and driving mode

D level
Driving mode amage leve

Major Minor
Autonomous mode 69 337
Conventional mode 40 183

Table 3.3 Exploratory data analysis

Autonomous Conventional
mode mode
Major(%) Minor (%) Major(%) Minor (%)

Lighting Dark.ness 31(22) 109(78) 15(28) 38(72)
Daylight 38(14) 228(86) 25(15) 145(85)
Involved in Vehicle 64(18) 295(82) 35(19) 150(81)
the accident Other 5(11) 42(89) 5(13) 33(87)
Dry 62(17 304(83 38(19 161(81
Roadway surface Slippery 7((18)) 33((82)) 8((27)) 22((73))
No 38(17) 192(83) 23(17) 115(83)

Injury Yes 9(18) 42(82) 8(36) 14(64)
Unknown 22(18) 103(82) 9(14) 54(86)
_ Others 61(17) 294(83) 28(19) 116(81)
Accident cause Autonomous vehicle 8(16) 43(84) 12(15) 67(85)
Vehicle 1,2 Stopped 25(13) 163(87) 13(19) 56(81)
movement Driving 26(21) 97(79) 17(30) 39(70)
proceeding Parked and backing 5(11) 41(89) 6(10) 56(90)
collision Changing lanes and turning 13(27) 36(73) 5(14) 32(86)
Not between vehicles 5(11) 42(89) 5(13) 33(87)

OV_Type Head on 45(19) 190(81) 15(19) 65(81)
of Side swipe 12(15) 66(85) 11(18) 49(82)
collision Rear end 4(12) 30(88) 1(3) 30(97)
Broadside 3(25) 9(75) 8(57) 6(43)

o A HlolE] TN SRS AALAHE S WY THE FIF (minor)'o] 5207,

& (major)’o] 10971 ¢]t}.

o FYRE (A&/5%)0l e AL AlD PN &L 2 Xo|7} Qi - £ER=Y ) 18%,
A FYPR=d o 17%.

o 92 ool va) ol Fg ) FohE AT wlgo] EA) EE, o A9l ST nEL 3
EFYRE Moy FEREd w7} ¢ Er

o X} 2 Azl ATt T 7P Abmel AL HTE ZTAbT vl o] Ton o] ZPnEgl
£ 2 ol it

= =4 it AeFYPrd o FoE AR vjEe] T Erh

¢ E2RY A2 ofE S AL vl gl Aol HolA] ket
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o FEREQ AP YA HIE AR W FU A wge] Ui Frh WE, AEFYE
A9E A ol io] mhe FThe Al wg Aol Ao gtk
3

ol FTAL Hlge] 2AS wAW, A&7 AP FYuco| o}

o A A TE A AL N HHAE, ‘FERE AL AT A T AW &
Aol ‘FaQ A TR AR Blgo] 7P won, ARFRRCME A 2 3 A
9l A7} 71 A Gebth e, A8 R A 35 J9 $AY0 FA Y FAA A
e (FHRD AAgle] STiE ARaze] Wlgo] 7P WAl et

o AT A FE /3 WAL, FHRZ O BAQle] (S FE D W S Ak wE
ol 7 w7 Uehgth ‘eEREINE AT AR S 7970 (F S=d o FHe A
LWl 7P A vebdow, AgFR s A% 2P FEo] obd Ad wf TRt
Atare] vlgo] 7Hg WAl e

4. 743

A3 RY, £E BAAEIARY, Wi, ALEZHAE
2 AbalL Al A4 244 A (AR /FH)E St o)X EREFS TS0t vkt G4
2o BT JAHEAUYFE 1007] ALtk F 62971
2 6:4 HER WG vFo] 378719 AL dlolE &) 25179 HIAE HlolEHE FAAT. oy
Sk Z1S 1009 wHEete] B3l HAE dioJEo] digt & 5 AREY B BEEHUAE 75+
Table 4.1 AA|5FA T

AL 9} Eolr = AYZIHYAET} 2+ 0.701, 0.766E 7P =11, == v 7o) 0.599% 7} =
o, A E3EY BEAAERY ] 0.2612A4 7P =4 Utal, Ugsse AUse] 23y
Fl-23o]= w7 o] 0.3582 7Fg =7 Uelsitt. ROC 3419 o] W3E& vell= AUC g2 ui 7
0] 0.6222 7F¥ =13 T3E 2AAEIARFHo] 0.6102F 1 o2 =4 Vet B A9
A AESEY A7 E A 40 SIS ASE F AdSee AL © T3 st 1
e} AT Ade s 24 U2 89 2XA2EIARY S o=
g Kkt

Table 4.1 The mean and standard deviation of performance metrics over 100 iterations

Prediction models Accuracy Sensitivity Specificity Precision F1l-score AUC
Logistic resression 0.652 0.539 0.675 0.254 0.344 0.607
8 & (0.034) (0.093) (0.042) (0.035) (0.048) (0.043)
Mixed effect 0.663 0.531 0.690 0.261 0.349 0.610
logistic regression (0.034) (0.084) (0.042) (0.035) (0.046) (0.042)
. 0.637 0.599 0.644 0.257 0.358 0.622
Bagging

(0.045) (0.122) (0.060) (0.040) (0.057) (0.055)
0.701 0.388 0.766 0.253 0.304 0.577

Random forest
(0.032) (0.097) (0.042) (0.048) (0.062) (0.044)
0.693 0.364 0.761 0.236 0.285 0.562

AdaBoost (0.029) (0.095) (0.038) (0.048) (0.061) (0.044)




A statistical analysis of autonomous vehicle accident patterns and vehicle damage 65

4.1. £u3 2A2HIARY

E3a 2EX2EIARYL FASE A5y 9 SAHE ARoA 2T oldA oy Y A
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AN, wi (AR FHEA ) BAG pAY Mol 1, B WAEIE el pAA BERA 33
o) thgelth ui AFEAES Vel rA9 FEEEA FFo| 00ln FRAVY $E 2 thy
FAFRZE B2r) 2= APET o o AWns e Jehis 139 Aol &3 29
T Qe Aol 2R Aol AP AWAA RHo] Hu, 54 APALE TP A4S AW 7]
27 wg oA g Agusel 71erls TR wet WEel 9o A9t nyol Ak ¥, 2
B2 BE oIS DYEIY 2AR JAGL Nestel 34 IFASE AT
B oATAE A8FW AF FE A2 $49T A AP 3F 492 TR BFdel,
AP EF2A 2AT AYAH 2 oo W= Tz U AT 99 AP AYser S £33
AP AY27) BPOoR BAS AT £ BW AL 99 AL WEY WenA
0 Et 19 B e o) WLEolA A%Yoz AFs] ALANE PYSAE T3 EPE
B AYRAY FIHS WA AWRT, §T A9 4 YTH WFEY G4 A
A AIC E: BIC 7|29 HERES Adah o7 AIC 7]1Zoz AdE % 2y Anwe
Table 4.20] AASH] THET} W5 Fol A R34 ke WFE 4 L waRe Pelg A3 ¥

FAZT. BE BYTF A2 R 714 Imedoll 9= glmer() FE o]-83to] @3t
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p=0.001).

BAYAL o] B B RuE R e AR B4R BaE A9 AEFY A=
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E A AF &4 AR FUE FEol olAlE A& UERT (8 = 0.807, p = 0.029). ‘At
£33 215k A ZAPE ‘Chevrolet’d wjofl B3] ‘Chrysler’ 9l A$ ‘A58 2=k £4F A= 71 Sojg
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Table 4.2 Mixed effect logistic regression

Category Variables B SE z statistics p-values
Fixed effect
(Intercept) -1.4751  2.4908 -0.592 0.554
Driving mode Conventional - - - -
Autonomous -0.588 0.271 -2.168 0.030*
Lighting Daylight - N N N
Darkness 0.785 0.241 3.254 0.001**
. . Vehicle - - - _
Involved in the accident 4\ ian, Object  -1.253  1.129 -1.110 0.267
Dry - - - -
Roadway surface Slippery J1.186  1.416 -0.838 0.402
Not reported - - - -
Injury Reported 1.217 0.343 3.551 <.001%**
Unknown 0.807 0.368 2.189 0.029*
. Others N N N -
Accident cause Autonomous vehicle 0.994 1.029 0.966 0.334
Chevrolet - - - -
Chrysler -1.917 0.574 -3.338 0.001**
AV_Maker Cruise 0.833 0.380 2.192 0.028*
Jaguar -0.484 0.430 -1.125 0.261
Toyota 0.106 0.408 0.261 0.794
Others 0.828 0.432 1.916 0.055
Random effect
Variables Variance SD
AV_MPC*OV_Type of collision (Intercept) 20.472 4.525
Roadway surface 8.322 2.885
Accident cause 8.386 2.896

p<0.05: *  p<0.01: **  p<0.001 : ***

280602 AT 712719 W LNL W 7 TH B2 /12719 WEHo] 2 A B 5 Yk ol
aﬂvtwr 92 40 the BAE A0 wle Aoz Y & Atk

AE] e 2AAQ AL 25E APAW W AW 2AK Aoighe B A4 5
gtk AR, ALFY A FE AW AL 0] AN F9E e Table 432 ¥R T}
B3 2 S & 5 Atk F, A A FE FP0] AY 2 AT obd B9 ARFY A
o 4] FTNE FEo] WolAr}. ojul, ‘=2 Ee'o] nne e A¢ i 2487 Ao Axe
Qo] Hi A A £l ST BEol olath AT A FE FY 0] A FEQ AP A
5 o] 4ol S o] oldrh. olw), ‘== Hwo] nlmele B9 A L4 S
shgo] woltt. ATl o] FE §9'0] SW 27 A9 A&FA Aol £4o] FUT HEo)
Foldth. ofu), ‘=z Ewo] wnee 9 A £l T FEol weldth A Age] FE
0] F FEY A ASFY AP £4Jo] FUT FEol o). o), ‘=2 Eelo] vn
28 A9 e AeFd Aakol Ame Adle] N AP A 4ol FYT FFo] FolArh. A
Aol FE R0l S FEY A9 AEFY Ao £440] Y FEol Foharh. o, ¢
sl Mnele 49 mr AeF Aol Axe Aol Hi A A £l FHY FEo| vo}
Ak

A, AeFY Aol FE AW AL FAY A Table 44ZTE T 2E AL =2
¥ 5 9k gtk A4Sl FE K] A 0 AW bl A3 ALFY sl S0l SR 3
Fo] volAth. ojul, ‘== Euo] nnee F9 i AT Aol Amel Agle] H A% e
gl SO SHEol Holeh ATl AT FE A WY FEQ I5 A8FY A 4
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AR, AEFY AP FF AR LAY A W FAYU F9E UEE Table 455 F3 o
23 2 ANES £E2T 4 Uk AT AP FE 4300 AF T AT ohd B A8EY R
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Table 4.3 Conditional random effects for intercept and slopes (AV_MPC = ’Stopped’)

P

(

e}

AV_MPC*OV_Type of collision (Intercept) Roadway surface Accident cause
Stopped*Not between vehicles -2.099 0.154 0.841
Stopped*Head-on 2.348 -2.391 0.919
Stopped*Side swipe 1.254 -0.864 0.111
Stopped*Rear end -4.312 0.226 1.799
Stopped*Broadside 2.739 -0.201 -1.097

Table 4.4 Conditional random effects for intercept and slopes (AV_MPC = ’Driving’)

AV_MPC*OV_Type of collision (Intercept) Roadway surface Accident cause
Driving*Not between vehicles -3.822 1.201 1.500
Driving*Head-on 4.716 -3.234 0.896
Driving*Side swipe -1.654 4.796 -2.373
Driving*Rear end -2.475 -2.318 4.005

Driving*Broadside 5.789 0.648 -3.496
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Table 4.5 Conditional random effects for intercept and slopes (AV_MPC = ’Parked and backing’)

AV_MPC*OV _Type of collision (Intercept) Roadway surface  Accident cause
Parked and backing*Not between vehicles 5.218 -1.567 -0.996
Parked and backing*Head-on 2.951 1.269 -3.235
Parked and backing*Side swipe -3.411 1.111 0.248
Parked and backing*Rear end -3.088 1.927 -0.707
Parked and backing*Broadside -0.380 1.301 -1.195

Table 4.6 Conditional random effects for intercept and slopes (AV_MPC = ’Changing lanes and direction’)

AV_MPC*OV _Type of collision (Intercept) Roadway surface  Accident cause
Changing lanes and dlirection* 1.194 -0.188 0.609
Not between vehicles
Changing lanes and direction*Head-on 3.778 1.703 -3.089
Changing lanes and direction*Side swipe 2.867 0.069 -1.444
Changing lanes and direction*Rear end -1.522 1.003 -0.485
Changing lanes and direction*Broadside -1.772 -2.256 3.234
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Abstract

As autonomous vehicles (AV) are commercialized, they are expected to grow as a
core technology field of the 4th industrial revolution, leading to major changes that
bring new experiences to users. However, as the technology advances, the risk of au-
tonomous vehicle accidents is inevitable. Accidents of autonomous vehicles cannot be
judged as the fault of the autonomous vehicle, and traffic accidents or fatalities may oc-
cur due to unexpected circumstances or inadequate response of the technology. There-
fore, this study aims to investigate the effects of accident types and environment on the
degree of vehicle damage in autonomous vehicle accidents through mixed effect logis-
tic regression. The data was collected using the autonomous vehicles collision reports
provided by the California DMV. We found that autonomous driving mode tends to
mitigate the damage of AV in accidents while some factors related on the accident en-
vironments such as the darker lighting condition, vehicle-to-vehicle accident, whether
there were any injuries, and whether the AV has caused the accident, tend to increase
the damage of a AV. We expect this study can help to better understand the causes of

AV accidents and provide a guide to the development of autonomous vehicle technology.

Keywords: Autonomous vehicle, autonomous vehicle accident, California DMV, mixed

effects logistic regression model.
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