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Development of Predictive Pedestrian Collision Warning Service

Considering Pedestrian Characteristics
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ABSTRACT

The number of pedestrian traffic accident fatalities is three times the number of car accidents in
South Korea. Serious accidents are caused especially at intersections when the vehicle turns to their
right. Various pedestrian collision warning services have been developed, but they are insufficient to
prevent dangerous pedestrians. In this study, P2CWS is developed to warn approaching vehicles
based on the pedestrians’ characteristics. In order to evaluate the performance of the service, actual
pedestrian data were collected at the intersection of Daejeon, and comparative analysis was carried
out according to pedestrian characteristics. As a result, the performance analysis showed a higher
accordance when the characteristics of the pedestrian is considered. Accordingly, we can conclude
that identifying pedestrian characteristics in predicting the pedestrian crossing is important.

Key words : Pedestrian Collision Warning Service, Intersection Accident Prevention, Pedestrian
Characteristics, Crossing Intention Recognition, Infrastructure to Vehicle(I2V)
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1. 91| HiH ¥ =7

20163 = RPA Al BA A8 E AuEE AA wEALL AR 42029 F B3z AARE 1,714
S & 399%°] FAE 7|53t k. o] OECD =7F&9] BHazr AFgala vl&o] oF 2ud]] sjg=]= 4k
o2 e Bzt Alavt b IvbEd HlE ®2 HES AASL vk S B3R nEARL A
AA WA A5 oF 2% F AA S HA WEAL AR F olE X 5w 40%E AA S Q)
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<Table 1> Pedestrian Traffic Accident Trend(‘11716) (Unit: person, %)
Year 2011 2012 2013 2014 2015 2016
NA‘“nC:i’gzn?f 49,701 50,111 49,130 50,315 50,980 48,489
. 22.4) 22.4) 22.8) 22.5) 22.0) (21.9)
(ratio)
Pedes:;:;ld';‘:hmle N“gt:i of 2,044 2,027 1,982 1,910 1,795 1,714
) (39.1) (37.6) (38.9) (40.1) (382) (39.9)
(ratio)
Number of 0.040 0.039 0.039 0.037 0035 0.035
Death per case
N/fi?j;ﬂi’f 161,681 162,455 155,256 162,181 169,471 162,009
. (73.0) (72.6) 72.1) (72.5) (73.0) (733)
(ratio)
Vehrclzli?de Nm];‘::t; of 2,097 2,156 1,933 1,014 1,934 1,766
: (40.0) (40.0) (38.0) (402) (41.9) @1.1)
(ratio)
Number of
Death por cse| 013 0013 0012 0012 0011 0011
Number of |, 713 223,656 215,354 223,552 232,035 220917
Accident
Total Accident Number of
umber o 5229 5392 5,092 4,762 4,621 429
Death

R ALY oF 40%E FT T HASG o T4 dRlowE ok I gl Eﬁﬂ AEE ‘j*l?} ﬁo%
o8 ZAFHSI 53] wAtR oA Aol $-3| A B sh= Aae AR A4
Aol e Aow UeRtom 2016 ALAo)A ol Rzt AFRALT 871 2 ld ] i}i —r§]7‘4 74}"6““
o]g Abzglo] 1Tt o] g g matE 3 W AT S WR|E A}t Fuo A=
U HE ANSESE Bl 455 st dXete 5o 24 A F7 A58 F= WA B #lo]T(Radan),

CF B FA e AL 185ES WA godl 35 4 Qs 482 49, A 9
she ARR AEHH 4% 7 BerE AnslPEt £,
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o]t (Lidar) & A A2F Al 7)Hke] Ak A AR A A 2~BI(ADAS: Advanced Driver Assistance System)<

Sall EgAtete] TES WA e WS E8ata AT ] Fo 9 Ak gAH Al o] Az
A AARE Qe 3 Al BPAE 14EA] gt wel 75s AtE E3ska Xt ok

ol g A Bt 20170l F=ATHATAAHSIATS Korea)oll A AT Tl FA| 28I (C-ITS:

Cooperative ITS)S 755 9% WAA] F2F B 0 e 15714 T/ AR~ 715eks AASAL, 1

S AAFY JGRGPAe)e FEE dstr] g Aul2 Y822 R2V(Infrastructure to Vehicle) 41

7] Hko| Hax} FEHX] F 7 A]H]A(Pedestrian Collision Warning Service) S A Al3IA ). 5 AHl 2= wx}

> gt

2ol AjaEe] Q= Fvlet 5 WMAAAE SO JURE o nalA EA) GRE AALOR AAT
F AT Aol FENY JuE AT JEM By UEE U Al Yeshs LA RedLight
Crossing Pedestrian)7} 4 4] A2t 47 & 35418 ATICGE A5 AP AFOR ) %

=< 3I5kA ZatA 2 gEo] Erh ol wt %]% ojzle] Beiate] 22AS HEste] HPate] o]
TE gofste] HIarge] AAA R e v AF-HAAT FE A daEF NEe T I
B FEHA A ARz AH Mol aFET fetA B dAFoA e AAE IR T HIst
© Bzl EAS #Este] I ojdo] RIS ot JEE dSsta HT Ao FAH FEAILE

v duEEH AA LB AT TERE ANFOEA S 7nre AAA B FELA A
Au| A st aat o

r

I. = Az 3 a7 1%

1. X2 MM J[8F R2-2EXL SEHT MH|A

2571 F A5 A 2~Hl(AEBS: Autonomous Emergency Braking System)< HTHEHAR| YA 2HS] dFoz
Hyz g g XLOHEJ/]'-/] AYFE AFol AAHE oM LHA7E By wh-&-& s4A Eshe 7
G RANA A G AFY £5E AFoE FEAATE A2FHS BT T A=EE goltiet 7t
HtE Fofl Ao Ag g Bgzete] AgE At Ao AlE AAE ]01“3]' | E]Etﬂ AlA Rk 2
Edtel AAE AAs7o AlA o] vrell Hlolu AU 2] WES 28 2FTYE A ASUIAF
A 2glo] A2 2Fg dHA Eete 797t AR 53] wAtz oA Ao TQZ* /‘] 332'3}*‘: LR
& AASHA Rt FEshe A7t AF B e ol WAlstA A RV 7N RgA FE AL

Ml 27 A,
2. 12V 7|Hto] BEKt S5 AT AH|A

2V 719ke] Rzt F5 A3 Aulae gujQdlA] &letA o] RolA L itk dA FujellA s
UE EﬁM SEWA A AHlas SR 2 WAz F AAEE Al AF-EPAT FE ATl
Ay 79 tWx](RSU Road Side Unit)ol| A} WAVE F-A4 524 71&S 7juko 2 A 23e] 43 g
Z2](OBU: On-Board Unit)Z 71 % 2 (RSA: Road Side Alert)S A 33ttt R A& s F4AA
71(CCTV) @ A ZHA A M (PIR: Pyroelectric Infrared Ray) 5< 83t1 lom FTH=T H3zle] &4 <&
e gL A& g Jhtoz @A o Ao AT}
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D+ (T,+T)*V, 1
A7 D, = A AEe] T wE HAHAAA
TT, = BRAZF 28N B AR 28 A7

AR S

AR B Aulae ATURE Ao Bt EA) o Ruks A s Hol AuE Bl AlFd=
olu] Bazte} atgFo] FE3 S 7HeAol w2 olE dwslr] YslMe I FEe] Rt ofy
2} Jo o]Hd o] 22U FASY Rzt T JHE =T o] ) A =AU JE ASA
Ao 2V 7d Bt FE A3 AMHlAES Bat AR QA 12004 1.5% o) 2853 9lof A
Foll Aoz AGsr|dls oy AAol7]o o5 BepstaAl i)

<
o

m

3. HelX} EMO| 2 ZCH 9| 0=

P o] BPzs By NS5 1T 2o A H &5, ByA} FH =2l 27F A o

F A4 mEiste] YU o RE AYATh B 4¥ 2L Yol Fushs naRe] Lxs)
< 71Zth(Bartels et al,, 2014). ‘¢ BF 25H1E 7|H o2 Yoyt S/1EFE By S50t 74
A ol B3 A5y} ZAoF vy F FAEZ FAHL HHFAO0F 183%, S AR
o tha =9 201% FHo TS AASATE =@ G 04*39— =Y HI Ao R 239%, 257 Hol A
& Ao % Bl mAAS ols AMl wel 9 ARel YR Fr AL I
(Knoblauch et al., 2007).

Bazte] tpo], Ala e Bz ufo] SEAET oflgt 3F AHH o] ByYATF uNE
B ol Avne Aehsh Lo naAe] YF 54 T3 PO RS Ase o Yo 2 4P
7N A= 220 o]thRehder et al., 2014; Kotte et al., 2017). E3Pz} EA4 2o B3 25 D HT 23] &4 o
S YR 89l w3 Byt Ao o %o Y-S FETh(Lenhoff et al.,2004; Kotte et al., 2016). wHe}A]
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EAEEES R Jor] A2 9y 71wl nA 4% 9 33 BuZe] B

© =
Handcrafted 213 oW A& A48t E/ste A& 222 Zolll= W<l Non-handerafted ®2]0] 3
T}. Handcrafted ®2]2] thEZ ¢l WH <] HOG(Histogram of Oriented Gradient)= 74| 2] Gradient$} Histogram
& FE3to] AAE Ads) Yo} A T BAE AHsk=t] AME-SFtHDalal et al., 2005). 3t
218 HOGE A=+ H2 W AibeFo] @ol AAZE A7t ofgiglon Holg wel A4 A4S o
Yo| AMAd ol e EHF wlEo] HIToE Nonhanderafted W24lo] F2 AMEEI gtk I F 53
CNN(Convolutional Neural Network)©] 2 -&53 9lom AAZE A2 72AE 98] CNNQ| AME 355
22l Faster R-CNN(Regional CNN)3} YOLO(You Only Look Once) 5°] A= UTthRen et al, 2017,
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Redmon et al,, 2015). ¥ AFNAE YA BA o] dele L28AHE So AAZROE BIPAE A5t
Z} YOLO ver 3.0 &18]&5S 43Ik

B AT AQFTA SHe AulzE SAd BAZAA FE ol DAY $HYL Fse] HA
Hog AFRAAL FEL PAT ANAE T4 A0E AY ANLE B =RAAL 658 BAA

=

FE 743 AH]2~(P2CWS: Predictive Pedestrian Collision Warning Service) 2 W34} gt}
1. 0158 28Xt S5 410 MH|A(P2CWS) 7=

<Fig. 1> P2CWS configuration concept

=g B3Pz FE A3 B 2PCWS)E A ojd o] iAo EAS AAI F %Mfﬂ 3ot 04-'%
o Eate] kel AiE she AHI2EH I¥<Fig 1> Zo] ek ok 4

Bt 714X w2 FheE B8l AT Bt EARIA, 5, vol, 4, ﬂT&}T %)
0.1&vtt FZ3HA "ok F2d BRaxe] EAN watRe| HIshe 3 A @A4X(0BU:
On-Board Unit)2H5E =¥ 4| (RSU: Road-Side Unit)2 A4¥ CITSS| Probe Vehicle Data (PVD) 7]%Fe] 2}
F 92 9 £55 EQE HF BYPAE ER/SIL o] YR T HId] 15% oM 93 ARE
bl AEFOoEMN AF-RBPATL FES v WA "k g Auj 29 tloly 552 ofgf 19
<Fig. 2>3} 2t}
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<Fig. 2> P2CWS's data flow

P2CWS9] g Bz o= Sug|Ee WAz RSUMA 7158 35t E79 99 Bax Fue
T4 B 71es VMo R HP A A1 AHE AT B AF < 39 237 oy
& &83% 714 <5 Machine Learnig) 71 2 Bz} 72 darg]EFo] dHlo|Ed ] wel CITS Centerol 4]
T 71%5S Aol ESHA At

P2CWSel| &85 &= A4 B4l 7]&o] ghds] 73 ZH(Latency), &4 (Efficiency), <
A4 (Reliability) & B F-EE°] dl@ds ojof spxqt & HA olrRtt 714 g 7]k
AA AR BPA FE A3 Mulzed] 238 @532 P2CWSY AHSEE B4l 8 7Hed AdATE
AR HY9dte S AAZ g

Ao} AdA
5

Al

R

2. X HOIH <&

P2CWSe] 9F HaA o F Sue]Fo F5e SEiAE 3 aARoA Jdsts A B v
Bl7F sttt Baae] B4 of 18 ZAT wrk o} Bt 9A], £, o], A, IF o %, A2
o] A = SA FE ok a7l v ¥ <Fig 3> 499 A S AAl s Y AA
< WAFEA AT AR 4a7HAC] AR 23 wAR e AHOZ 10fpse] ZY Skst
1024*7209] S ==E FPstch
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1. Camera Calibration 2. Object Detection using YOLO

. Imege Coordinate System
- u

Camees Coseinste System | A s v

s
- PY.E)
- z R s g
| World Coordinate System . x
Camera calibration
Clovs provabiie map
3. Object Tracking using Deep SORT 4. Post-processing

-
Automatically extracting variables
(Pedestrian’s positi t istics, Signal phase)

Object detection image sequence Object tracking

<Fig. 3> Pedestrian data collection process

1) 7IH2t 2% (Camera Calibration)

Fhalet olm A= 32k IR HES 221 o|n|A] WG] FITFOoEMN DojXth FYH oA
ARk o2 Fhuet A, W, 53] shvete] uf setmlEe] o) FFS WA Hed s W
(parameter) & 283 BAFC2H O AL A AAE AET 5 A Aok

u [, skewcf, ¢, |11 27138 X
s|v|= Sy €| |Ta1 T3 ty z1= 1[Ait] 7z (2)
1 0 0 LI msa7sstsl | q 1

A7NA, (uw), (X,Y,2) = o|nA] 9] 3 A, =4 FFAl(world coordinate system)2] #

(£.1,), (coe,), skewef, = 2371 2(focal length), 57 (principal point), = Al5=(skew coefficient)
r;(,7=1,2,3),¢,(i=1,2,3) = 3|3 W< (rotation variable), ¥ W< (translation variable)
7 = intrinsic parameter of camera , [At] = extrinsic parameter of camera

2) Z4x|| ZIX| (Object Detection) %! ZHx| 3% (Object Tracking)

Bz A& AAEC R F33tr] e 2 AFedlAE YOLO €1g)Es E-83t3Th YOLOE 7t o]
A& S/ B E(grid)E B33 AA 23 K-S Aketaal A F# 2~ A 4(class specific confidence
score) 5 A4t Fth g A= 218 A <4(confidence score)9} 41¥] = & (confidence class probability) 3
TE Foted QA =M lF A2 ofefet Aot qhef ol EA7F EA8A] gethA AEE A4 00] "ok
s AR o|m|A] Yol EAste AAZF AAHL 2/ A8 T3 AAt EFET

o] 714, CSCS = AA 82~ S (class specific confidence score)
CCP = A1#] = #E(confidence class probability)

CSCS = CCP* ¢S (3)
truth
= P(dassil Object) * P(Object)* IOU
pred

CS = 218 % < (confidence score)
10U = A A vped vrxe} o= vkx9lo] w3 3 (Intersection Over Union)
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HPzpel AFE YOLO iglES Tl AAT o] Foll= AAe] YA 9 £E5 FE57] 96 a5 4

A& FAsHoF Frt. B ﬁ%loﬂﬁ% A F2& 93l 2016 MOT(Multiple Object Tracking) Challenge®ll 4]
ot A%< 1<l DBT(Detection-Based Tracking) 7]%Fe] Simple Online and Real-time Tracking(SORT) &l
< A3 SORTE 294 ZHzte] ojux|o| A ZHAd AA| 2] 57 (feature)S CNNS 53 553 H
A T4 ZE(y), 3HH BIE(y), Eolh), 2 olvA] ZHLANA Y AA 9 F2 Q] BE LE(xy)E 78
22 g AAE F23A DrthWojke et al, 2018). A2l o] FeiE F4HL w 2= 27 FEHE 4§
sty FAH AA et AA A E A association cost matrix’} H A3+ WEOE AAE FA 9T

3) £ Hisk(Projective Transformation)2 S8 2| x| F£=
A" AA 9 AR Y £EE FE37] HslAE G4 W AAY AXE HAY 0'3“ W3 ok gt
o]#3k 2+-& %9 W3 (Homography = Projective Transformation)©]2}al &}w O}EH/l 3 FAHL Aok

stk 94 Ule] E oA HuE oo HE g o2 dA E Homography(h)@ts S A4 HE=Z A
2 AFdAME 10489 HE& AMEst] hats =&stdTh

h
0 00-X—Y1uX vl v h
X1 o0 0 0mwdX—uY Ty hy

Ah=10 00—-X,—Y,1 v,X, v,Y, v, [=|h
h

XNY1 00 0 0—uX,—u, ¥, —u,

ANA (0,1, (X, V1) (i=1,2.3..,10) = A4 AFA ] A, =4 AwA] 4

REA A5} 8 Aols AL RHEES AUE o] 8)4o] Hnl Wk A F$ Y] &)
§507 Wtk o)Ay FUREES AU 2 B BEL wYAe] Az wet 247] e FeE Hol
A HE2 g9 old naAe] BF 54 oS5he 8 2% clo] Bk web BIW G el Az
59| RGB & ¢4ste] W) NEE AFOE PEHA PO 1 9 BAA o], A, 3% o2}

2o B3z EXNER 2507 FE3HtHFlohr et al, 2014; Xiao Wang et al., 2019).

3. fIel 2} ol &1z

b

IR o] B P52 B A5 HIske 2] 92 2 £5, B 7 HE, o] 4E
T oI 54 9 A4 g etk wA By PdFs dSske vl E4A A (Parametric
Approach) BTH= B 22 2 (Non-parametric Approach)©] T E&Zo|g}a #este] P2CWSY g B =}
3 dagFoe HEFH HIHE 83T R, A 2L HolEr) oud & 2EE o
Eoha 7P rom AA @4 o HlolEzte] WAIE e WHOEN 74 Shgo] tiEF ot

P2CWSE 71AISGS 71Nk & A%l Adat RPARte] F&8& dSsta 241 ASAIHS 24
o 9714 &89 7|Ags ZEE-2 Support Vector Machine(SVM), Single Hidden Layered Perception Neural
Network(SHL), Two Hidden Layered Perception Neural Network(THL), Radial Basis Function Neural Network(RBF)
ol 1% <Fig. 4>& 39 RAES T2 Uil ok
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7} 71A 859 UEZ(nput Layenoll= BaAte] xy HAE, &5 /1%, o], A¥, 315 o3, 13 2l
T, wapzo] HIsks Ao AR 9 £55 238l 11719 M-S A9 3 (Input Neuron) &2 i 4|8}
A =9 F(Output Layer)ol= B3 ANSE 9wrek & Jdbsks Byt SHAE g F=5 s
P2CWSE AARICE £3¢ ARE nfgo 2 wE A7 Yo F& 4&L 33t ZA1E AL He
o AA7F AFA 39 ZAE FHES FEI AHES AFstA 152 A vE] Aise A 78
A4 oz dAsch

4) RBF

Input Layer Hidden Layer Ouput Layer

<Fig. 4> Structure of each machine learning model

1) Support Vector Machine (SVM)

SVME ol HolH e EUE A2 A= tolE7l ofd Ff(class)oll £&4 Adsle= &
224 Support VectorS HaHE H2 o] 2% W(hyperplane)S T4 tlo|E
gl st Wyoln, M gl H83 SVMS g Wy Y5t I 53 e ther

2ol BT % Utk

>
P
©
I
<
&

)

min%wTw-ﬁ- C:Zf]lﬁi, (5)
sty Wl K (z;)+b) > 1—¢&and§, >0,i=1,..., P
o714 w = 7} ¥E (weight vector)

C = H]& Al (cost coefficient)

P=AE N

& =09 H7F ¥ (slack variable)

y, = 19 o] EF(binary class)

K =i9 Ad 3

z, = i YEWSF

b = AZF F(bias)
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2) Single and Two Hidden Layered Perception Neural Network (SHL and THL)
SHLZ THLLS TZHAEENA AFHoE Agste BHI YAl 9% I(backpropagation) EILE|E
S 3l FeASES s, TteASE THESE 98 thet o] RulE W (Momentum Method)E

=

Aw(t) = nAE(t) + aAw(tfl) (6)
71 Aw(t) = tAA 7hEA Wl

= 8}% & (learning rate)

(t) = oasl A @ 4 kel 92

= Zile A4 (momentum coefficient)

3) Radial Basis Function Neural Network (RBF)

AYPHoz JHu dugEL 53 ©=2 &Y% (hidden layer)oll radial basis function®] centroid} width
£ IHAI7]E RBESF 2] B AFoAMes olitt wE 353 AT E YERY = Extreme Learning
Machine(ELM)< 243 RBF St RdlE Algglon] 7 &% Wy oS3 2o

1¥(cpo,m,) 3 TH:n}jin//Y(cJ,UJ,Ip)B* T// (7
3714 ¢; = JRE(J=12,..))9 radial basis 4§59 F 4 (center)

oy = JAF(J=1.2,..,)2 radial basis B4 32 Z(width)

T, = PR% SFdolHAE

Al
=2 34 (output matrix)

A7 3 & (weight matrix connecting to the output layer)
b4

BA

1. HIOIE] & EI} 2l

B3z dlole 3 #AL T8 F 39089 BAPAE #FEAL 012 (HHO0E v HMFES

Aok BAke] A (xy), £, 7SR, 35 o5, vo], A, B AT, HT AF AA F ST F=
g 17HA RN e Haes dHolE 3 HAdA AFor FEHIYoH Yol Y, 35 oAFs Z
P F2 =Y FRoE U3 i S ANE FE3A Koke vt HIMste 7 Bzt 4
S TEOE YYo] EAEA

FZ% 390 9] "ol FollA 20 9] BFArF B A5 E 9Rkek A Fdstgion 98 Baz o % &
gFol SFA71710 A BaYA; vlolel7F A Bagtel Hls) g o2 Hof 37092 R T vrA
QI B3z S Yt & 10289 A HolHE 2835t dv Brke AFsa 4 Hrhe
P2CWS®| &4 Al ZAA o] A o] Fol =A== 24 3 & (Confusion Matrix) = B7Fstth 22t 8-
H2E t|o]E(test data)o] the £F2 A5E H7ehs FEEM True Positive(TP), True Negative(TN), False
Positive(FP), False Negative(FN) 2.2 o] Fo]& It} TP= P2CWSS] F& A7t AAl 1838 gl A|F-2

k
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=}

ZolH TN g3 &2 AFdMe T5 ALE AFIA ¥ AL gr]git). o|g} ¥ = FP} FN2
SEAILL AR ZEo] HA ¢ Zolr)d AXE AuE ongith
<Table 2> Confusion Matrix
Actual Result
Positive Negative
Positive True Positive (TP) False Positive (FP)
Prediction Result
Negative False Negative (FN) True Negative (TN)

.9__ RPN

Z+=, Sensitivity) 9 TN(=E-°] %, Specificity)2] #-& FAlo] HoFE= THPZEH XZo TP (1-IN), Y=o TP
o] H]E om 3t} ROC E4jo| A FX12] o} W2 AUC(Area Under the Curve)2t 2] A28 A58
el AZZH AUCO~1) ol F4F £2 453 7ML USE 9v|etiBradley et al., 1997).

2L B8] ghE 7|¥H O 2 ROC(Receiver Operating Characteristic) w4 %= 48383t} ROC #4312 TP(=1]

2. HERI3 7AM (Network Structure)

3% A AFFEo] P2CWSE SVM, SHL, THL 181 RBF ¢ 714|845 RdS Aeste] 98 BarAs
2aS AR Q7] B8 vnE HdAE 7 BEe HA] UESYA F2E AE
o] MgYE|ojof sl B A= F LalE]F(Genetic Algorithm)S -85t g 4L %13
o 3 dag e AHeE Hee e 2t

<Table 3> Genetic Algorithm-based approach for parameter settings

Parameters SHL THL RBF
Hidden Neurons of the 1% hidden layer [10,50] [10,50] [1,1000]
Hidden Neurons of the 2" hidden layer [10,50]
Population 300
Generation 30
Elitism 0.05
Crossover 0.8
Mutation 0.2
Fitness Max AUC Value
T L F AHE Y2 <Table 4>9F 2o zpzho] 2YFol|A SHLL 3470, THL2 26, 247}, RBF=
87371 &Y ¥ (Hidden Neuron)¥ w7} Hz o] VE T 729 AL A& 5 VEYT F+4S

Jlike 2 Wlm BAL AN
<Table 4> Optimal structures of the models used in prediction algorithm

Network Structure
SHL THL RBF
11-34-1 11-26-24-1 11-873-1
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Hlw &A1 (Comparison Analysis)

71E CITSS Bzt S5 A1 Aul 2w B3 9 ahge] 914 2 £5oqt o&ste] An| 25 A g3t
o} SHAI R B Aol e Baate] EA ] g Bazte] Jok RS o Seta B 549 fiel o
E ¥l B4 AAE s @k OA A5E 117 BE WS ER VWO R A sk AH] 2E P2CWS
g} st BPAe] EAo], A, IJFAHE XISIHA Fe AMH|2E P2CWS_wpc(without pedestrian
characteristics) 2} 312 W] <Fig. 5>& Z} 7] A8k o] W& F 7}A] AH]22] ROC ¥lw 129} AUC #S
HoZn T Mulx 2% ZF 2d¥ AUC ko] T2 07 08 oS 7] 53 A5 713S gl
4 Stk =3 ROC L3 Zof| A ghghAl A2 P2CWS_wpe, B7HY A& P2CWSE YEH =8 W3k o) ggh
A} AT ROC 33| 9% 9] BA gl 77k A& Kol P2CWS7F P2CWS_wpe i th B £& %S 7HA
I S UERE AUC A grEel ol S A

® 0.966

[} -1 - — = T T

o s | ‘f(#”
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<Fig. 5> ROC curve & AUC value of each model

1714 $19) A% Wi B77 $-93 pacwse] AUC Ashgtel ¥ U 4 Q= Ae sl A

e BYS AIRIT 5 ok &, By A =E 5T v BPA 54L& votshs o] AHlx

e Q%e oot oL ¢ 4 AT

1o o
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<Fig. 6> Median AUC value (# of episode = 500)
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1Th(Lee et al., 2015) oS Eo] W3 A7to

ko] B Qsh)ol P2CWSHAE A1E F /\l%% ﬁ}“*ohﬂ IHE FaAo] gtk ofo] £ AT
3 A ¥(wamning timing)< 1.5% oo F+= 7 WY ofUe} 22744 0.1% B2 FASHA AlH|
e W79 Y d3e O9 <Fig 7>3 2tk
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<Fig. 7> Median AUC values for warning timing

P2CWSS] AT AHE 22742 Al wet 2 7)AS: B9 AUC 2ol ol 21 B
G Sick ol=A R4 G A 2} Gesel G E e W50l 2 IFE A AE o
mste] Aae] JeT AL AP EHO|E  T(rade-off) HAZF S-S HolFErh Telm B LA
AL S A3 Aol olZrkn LA & sl LAA AEEd] met HAe) A3 M) Fug
= zl0] P2CWSS] A% a3l 71ef otk
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Atz ol| A o] ApF-HYAZLY FE WASH] A% AulaE T]Eo] AR wet watzE S s
F7telhe WHORRY A4 7Eke] AN FAEA 2R(AEBS) S &3l Aol dnke] HaAel F
34 As o2 dEste A2RZMA B WEkE Ao ok shARE Bz Alx el e vl gl
© AEgAEA = o] Atz 2FHA Se A7t Bor, 58 EAF watz ol A
A1 W2 A, AR 71Tz 5 ggd ol g4 So= [l AAETe] YEh B3kl S
stz A7 Aot olE Hsl H2 CITS A 2 715t AME T8 2V T4 7o s JgRE
«l PYaroke] SFEAY AEE 3 AFA AFste AREE AESAANT ST Mulxs =3 J
e BRyA EA o FukE Algedel wet RPLTE ofutg A Fdsls DGR YAT} = AF-
—f—} AsAe 2 s Bgarete] SE& 3ystA| XA 2 7hsAdol wl¢ =t
 d7dAe @ B3R FE AL Mz EAAS dofstal A e vlE] dSsta Aaske
Mul2=E stz ByAe] #E S4S B9 A5 BPA FE AL ARI2PCWS)E Al st
P2CWSE 718A1d watze| 7hietE T Adh=e Hdste HiAte] S42 I Ad 7€z 012
nie FE9T F28 ZyAte] B watzel] sk -3 A @A1%A)(0BU: On-Board Unit) =%
B AR AEHE CITSO| PV 7]Hke] 245 93] 8l £52 EdlE Y9 BRYPAE BFstal Ago] I
Eoll A7) 1.5% oAl A HEE gl ASFo=H AF-RPAL S=L v|do] AT
P2CWS9| 45& ATstaa hFgA AT 3 wAzoA I Ad 7es Edote] Bt
tolelE FEatom F3H 3908 Byt F 10282 EPAt HolBH 2 A ByA o F dagse
s W7HE AAskdt Baate] 540 mE A o & oS3k ol SVM, SHL, THL, RBFe] T3t
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