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ABSTRACT

One of the Cooperative Intelligent Transportation System(C-ITS) priority services is collision
prevention support service. Several studies have considered V2I2V communication-based collision
prevention support services using Artificial Neural Networks(ANN). However, such services still
show some issues due to a low penetration of C-ITS devices and large delay, particularly when
loading massive traffic data into the server in the C-ITS center. This study proposes the Artificial
Neural Network-based Collision Warning Service(ACWS), which allows upstream vehicle to update
pre-determined weights involved in the ANN by using real-time sectional traffic information. This
research evaluates the proposed service with respect to various penetration rates and delays. The

evaluation result shows the performance of

the ACWS increases as the penetration rate of the C-ITS

devices in the vehicles increases or the delay decreases. Furthermore, it reveals a better performance
is observed in more advanced ANN model-based ACWS for any given set of conditions.

Key words : Cooperative intelligent transportation system, Rear-end collision, Collision prevention
support service, Vehicle-to-infrastructure-to-vehicle, Artificial neural network
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<Fig. 1> Annual motor vehicle accidents in South Korea
(2014~2018)

<Fig. 2> Percentage of collision types in 2018
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(NHTSA, 2006). ©]¢} & FH|FEAL @S 71402 AAT)7] A 5402 AT FA 2~
El(C-ITS, Cooperative Intelligent Transportation System)«] A B9 ARl g5 F skl A FEUA A
Y AMul2zE 3EET JQUATSK, 2017). 39 A¥l2aE sFF 53 23] 29174 (0BU, On-Board
Unit)S 53 V2V == V22V 5418 7|Hko g 7] E LA W A X (BSM, Basic Safety Message) B Z =7 85}
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Neural Network)& 53+ A7} 91THChang et al., 2010; Wei et al., 2011; Mon and Lin 2012; Kim et al., 2014).
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Z AR 7FeAE gHlolES: H o] &8 TiuT BEF dFe VA Hol FrjFEd
74a Myl Al FFgEFS 7130wt & dFelAs 7HSA fElol Bl 9EFE mA= AR
CITS ©27] BgEo| g AHl: Ae & 4'8staL ol & /idshs thAlgtE AAste] Bo A4 =
< AFAAE 7] FujFEAkal 9 A daelEe NEde R AT} A FEAne Fol A
AHoz thed F AES st= Asshd AF FEWA A AuaE Abstas g,

I. V34743 718 2pF 584 AW A&
1. MH|A FMHE
B A4 ARt JIFAAE 7k Ak FE5A AW AJH]I 25 (ACWS, ANN-based Collision Warning

Service)2] =4 FAl= A8 CITS ©L7|(OBU, On-Board Unit), =% 7]X]=(RSU, RoadSide Unit) & C-ITS
A= T4

OBU RSU C-ITS Center
() =
a oo
olaas
| ni= o
Receiving vehicle
movement data from -
vehicle sensors
~
Probe Vehicle Data (PVD)
transmission .. .
Collecting individual vehicle
data (PVD) in a road section
=
Sectional PVD i
tyormation Loading traffic data of
transmission i
each section
o
Computing CIDEs based
on batch processing
o
Updating AMs using
CIDEs of each section
A )
- = Updared
Receiving the updated AMs AMs
-~ I fransmission
7‘7 AM info.
Computing collision risk Broadcast
based on RH-based
learning algorithm & AM
Displaying the current
rear-end collision risk

<Fig. 3> Operational flow of ACWS

1)00 000 OO0 OO0 (uisance alarm) 0000 OO0 O0OOO OO OOO OD OOO (Seiler et al., 1998).
00,00 OO0 OO OO (missed alarm) 00 OO OO (Abe and Richardson 2006; Jamson et al., 2008).
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<Fig. 3> ACWS9| 74 8.4 7t 7|5 &5 Yepdth 1A a5k gA41d AXES T3l 359 PAY
THHRIE AFAH R A E 3ta 24X E 3] RSUR Probe Vehicle Data(PVD) ™A A &
AEgtt AE5E PVD HIARA HRE ZF TE2F74o)| 7| RSUR A m, ik JHE CITS AlE o
A HgE Y deEn HE ARES vlg O Z v x| ZZ A 2 (Batch Process)E 53] 778 9874 = (CIDE:
Crltical DEceleration) & AH43tal 0] & IO 2 JAFAARY 7hEx] HRE Hullo|Edt). 72+ 70 B33t
FARE 7o g uo|EV} $5 W 715X A H(AM, Associative Memory)= 31 & 7-7He] RSUE A5 H,
A% AR BETIN2E ol FXYAFANA AFdnt. MR YAFES 748 AMAEE 7[R0 g
AAZL g5 Y32l FRolling Horizon(RH)-based Learning Algorithm)& 53] Tr|FEAL HEE AHE31S

2 W52 WAl o)A, HUD(Head-Up Display), 2PHESE 5 EERAE ©]83) A1 FFAEE 2390t

r oilgl
1
b

1) YHASE 7|8 LO[FSAID g =8 2y

A FP o] THFFALE 28t 2UAAE BHSY] g 71F22 ACWSE FH|FFAMAL
A dgske 7 FRE 54 5 sl 91824 =(CIDE: Crltical DEceleration) & 283 3= '8
S AF&3TH(Smith et al., 2002; Klauer et al., 2006; Wada et al., 2010; Kusano and Gabler, 2012). ]+ & Aj2]
TGS EUE 3T 2 U 24 7153 CIDEE d &3t A8 FE2AIEE AEsta =98 4
315 FHANA AlFsHeh

Crltical Deceleration

Warning
e (CIDE)
S SRR R
time
'ffm'ren.' rwfw"; 1ing l‘(’I.DE
1

1 1
1 o
< >
1 I

Minimum Warning Time
(MWT)

<Fig. 4> Operational concept of CIDE-based collision warning

<Fig. 4>°] e A3} 2o] ¥4 7154 e CIDEZ <)Z=3) A Minimum Warning Time(MWT) Skl &
AANA FEHE S A, 4714 MWTE 3447 FEAIE dAS Ba3 g-S Pede FHshe
b 875 HAske AR ou|gith CIDEE A<lshr] 93] 22 APATFELS - 5.892m)s°, -6.367m)s’
2 - 7349m/s%0) FP3HE EA XS A S K (Smith et al., 2002; NYGARD, 1999; Dingus et al., 2006),
Fol7 T EAQd wet xAke] e 7h wsh o] I3 CIDEE 5§74 A4 #o= dA4sie
SAZE Atk o) & sAsty] g oz g YA FAZL YHE 5 9 1% THEES
23| A CIDE7} BAshHs =4S 93 (Lee and Peng, 2005), o]l wel ACWSE AlZE 77H53)
FEo g 7HEE £ 243 CIDES 4¥3it)
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|2HEY A5 719 e £8 24 F 3IUE 27]) XS 28T F
S = HE&ET o] 24474 d3E 31 sy Ax o kA 34D d= *é%
FES v} B AF M= o] 7] 7FE5AE Associative Memory(AM)Z} ] 3+ Th(Lee et al., 2017). 2 &
%

%

H AME o] &3] M e AERtA TSRS W AARE aEA R Has, AR 73 5
‘]

Collecting PVD message datain )
&a road section during atime period TF;

Calculating CIDE to be used for the
nexttime period TF,;

Determining desired input-output
pattern datasets to train the AW

| Tpdating the associative mem ory |

Providing the trained- AWM to the
wehicle approaching from the upstream

road section

<Fig. 5> AM learning algorithm

578 =2 7l wAF7Iap) S $HE PVD WAA EﬂOl BHE 7o 2 25 WX 571(TP.) &
4-8% CIDES 4&E¥th 1 ¥ CIDES 7|Hle® AM 358 913 94<9 a9 doje AMES 745t

AM< 784](Updating) 3ttt FAl0l AMS 73418ta A3t 7}%
B E RUE Y3} Buffer Times 23 3¢ 1 AHES 7|& 8}
o] AgEtE 1 k= AFE koA A ZEHE W, Buffer Tlme% P I
EUE P8t AMS A&s)A ABAE L AlEgith
AM 35 ¥3ElE FES A% nEAHE AHY TEL <Fig 6> o], $(Collecting), M= 1.3
(Refreshing), 7841 % Z 4 (Updating & Transmitting)3h= A4S E st} A7[A, 32 53 232 OBU
25E Agike PVD Uﬂ/\] A HolHE E2 FRHEE HYste AAHES UEh L, AR 13 71 79
EAE g3 AM SH5S 98l 7HE PVD HlolH Z&5& AAGste AR S grlsta, A AES AM
5}%3’4 Hr ]O]EQ AM Xqi—e— :rLZ_}% OBUE Hdale #AES Ao I2iu ACWS 544 a9 o
A &A1 A8 FAEof slar, E3] CITS AlE A= &3] nEAH R
U A3 "F"L HOF StEE -’J?“i@ 2 AAAZEo] BAZIT) o] AAAIZTE AFRHOE AMS AT of
M- HE aE AP Y-S VT dF S0 HolH F54 9 AEE g wix] ZEA 2 F7)7}
(t. - teolal 732 @%‘“Oﬂ TEHE= Aol T2 1A4E w AAAR o] TAYsA] kethd, AAAZE Te

Hﬂf“f
o 4

~ r1r

L,

[N
[0Y]
o
@
4
=

SYL=EN 187, TH52(2019H 108)



ASHZUS 2T V2RV sS4l |8 X2 FEUX] XY AMH[A K

7F 00l Hof (o7 H et THE SHAF FYYRE FEA AMES AT 5 Utk wHH] AAAAZE Te
7b AT 7 EH 6B OJ 59 AETS 7HEE 4 A ok o dobh 73 9 AEES] OBU A&
2 oARE el EaE Ao wghA AM Al o] &5 Sts AR e vtk o] w}
B Aol CITS D}“E‘ HEE AAAZ ] mE ACWSS] Hs B7HE sdstaal st FAA 4]
A7+ (Numerical Study)= IV. 3% Hla 23 2 B4 thEt}

Te ? Ty | Iy

Collecting PVD message
data

| Refieshing the list of available
PVD data for training AM

Updating & transmitting
the AM

I.  Time

sFEste] 2HgF U WiB]A o], HUD(Head-Up Dlsplay) NEEZ 5 ZEAA &
A FP e o] HAsANQlstE AR AE AT A HEHo = HAAZE
St 48] E(Rolling Horizon(RH)-based Learning Algorithm)2 ©]&3] ACWSS| 715X AHE w4 3HTHLee
and Yeo, 2016). RH-based Learning Algorithm®] WHUZELS <Fig. 7>3’+ 2o A3 (Normalization), <&
(Prediction), TH(Discrimination), 3}<5(Training) &= T3t UERd &= ok AA) Azto] 2} & uf ACWS
9] E2814 = Fk(Actual Value) o= x}ﬂﬂal((;ap), fﬁsg 24Ee] & (VS, V) 2 7F S, a)S T3
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Actual Value o) Input ?) Prediction Output Warning Level
Alt) 1(t) P(t) O(t. + RH)

Prediction yDiscrimination| >

Normalization

Weight Adjustment

(m Direction \ ’ W (t.+ RH)
ove RH] RH,J‘*I

Actual Value > > > Training )
W(Gap, V, V), a;, @) Error

P : . E(t.+ RH)
@® Normalization V ®: 7 ®: 7 Desired Qutput

@ Prediction 7 ‘://® ‘5’/@ Ll D(t.+RH)

Trainin / ; where RH = RH.”'+1 - RH.'"
g i i
\_ " ) RH>MWT

<Fig. 7> Concept of operations for RH-based learning algorithm

3. elzAIZg

Mok

2 9 58

B Ao A Aekshe ACWSO A-85+ A-3AI7HHANN, Artificial Neural Network) 2&& 54 md=z
A o I AL 7HeAT o Teks HAFORE Fasty] YA AT/AE dE] AMHEHI 9
£ Feed-forward Neural Network®} Radial Basis Function Network@RBFN)S &g or s RdE59 7125
<Fig. 8>3} Zo] Uerd = 9t} Fully Connected Network -8 2] Feed-forward Neural Networkol] 3l @3t= =
924 Multi-layer Perceptron Neural NetworkMLPNN)E A4 >4 ZFHidden Layer)e] 7ol uwhe}
MLPNN with single hidden layer (MLPNN1)2} MLPNN with two hidden layers (MLPNN2)Z T&=™, Ztz}
MLPNNI-ACWS 2 MLPNN2-ACWSe} A gttt RBFN 7]4ke] ACWSE RBFN-ACWSE} W w gHct, ACWSe]|
ALHE dTANAEY 2dE9 Y¥S(Input Layen ol = A (Gap), 453 AFe S5V, V) 2 717

45 (a, a)E TSI 5719 HEE Y Fol M Xt £85(Output Layer)S BY 7S 53] Tn|FE
AEE AN BLE AFIEE Sk 2959 e A4 AF Foi3 S5ARe 3 dagE
gAY HA zFo] A wet Iv. A% vln A3 9D BYA FAZHOE thFEA} S,

g de]E] A9 YA © 2 Gradient Descent learning Rules 7]HFS. 2 3§ Steepest Learning Algorithm
< Momentum Method®} A3Het 722 ©|&E+= Emor Backpropagation ¢12]5©] MLPNN 85l &-8-9]
Hu, FHEEE7 = o] dtk(Wilamowski and Yu, 2010). ©]E E&E7] fleiA B AFelA=
Feed-forward Neural Network SH<5oll 7H4 &2 Wi o2 42X Levenberg-Marquardt(LM) H S o] &3
Backpropagation ¥ 1.2]&S 283t (Hagan and Menhai, 1994). 1% &< WH-S Damping Parameter?] 744
FFWE ol &3lH FEALE Al A4t s 0] = Gauss-Newton <5 WHHO| TS Heglw o] uje}
Error Backpropagation &118]& Xt} W2 A Gauss-Newton <5 HHHETH P A &35 YehAT,

HiH RBENS| ¢ 8% &% 71453815 913l Extreme Learning Machine(ELM)S &-8-3FCH(Huang and Siew,
2005). 3F LalE]E-2 Backpropagation ¥1E]ES 7o 2 Ad &4(Kemel Function) 4+2] %4 (Center) ¥}
Z(Width)& <A 02 Fste Feo dadEEd 2y AFHLAs AR HasA ZAlE T8t
= YA OE TFAE

=

10004 ©]¢ w2 &
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i) MLPNN1-ACWS
Input Layer Hidden Layer Ouput Layer i) MLPNN2-ACWS

Input Layer Hidden Layer 1 Hidden Layer 2 Ouput Layer

[ Forward Computing Process

Forward Computing Process

/ctivalibn function

>

Activation function

Yy < Backward Computing Process
< Backward Computing Process

iii) RBFN-ACWS
Input Layer Hidden Layer Ouput Layer

N Forward Computing Process >

x; = the general expression for the input value of the
t

i™ input neuron
wy,; = the general expression for synaptic weight from
j™ hidden neuron to the &A™ output neuron

0 y; = the general expression for the output signal of the

™ hidden neuron based on activation function

o0, = the general expression for the output signal of the

k™ neuron at the output layer based on activation
function

Activation function @

éﬂckward Computing Process |

<Fig. 8> Topologies of ANN models used in the ACWS

1) MLPNN-ACWS: LM 7|9} Backpropagation Z112|&
w(t+1) _ w(t) —[Jr(t) . Jw(t)-hu[]i] . Jw(t)ep.,l(t) ......................................................................... )

o17]A,
w(t)=rAR Epoch®] 249353 F¥3F 7t 7152 (Weight Matrix),
J,(t)=w(t) ] k=8|t 3 H(Jacobian Matrix),
p=7+4174<7(Damping Parameter),
e, (t)=tHA Epoch2] 8t5 AF p WA A= dE volEfo] thd [ MR 72l of| 2)(Training Error).

Y
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2) RBFN-ACWS: ELM 7|t} &t

||Y(c oy )ﬂ Tl = mln”Y(c Y )ﬁ*T“, .................................................................................... )
where jE[1,J], pE[1 P] ﬂ = YT = (YY) LY T e 3)
471A,

o7 WA 295 7o 2493} F(Activation Function)?! Radial Basis Function®] %4 (center),
o5 WA 9% -‘Fri'jﬂ g4 3l 3F<4=2l Radial Basis Function® %/ (center),

p=2HSI FY3 2] 1A,
T=x, ¥ H3E3 3 (Target Value Matrix),
J=2YZ w4 &

=313 A5 %géﬁ A" Elolg AE e,
=2

& 3) & (Moore-Penrose Inverse).

1. A2 GOl

AQr Au| 2] EHEA D PrLE 3| v ZAWEE oA A Z3 Next Generation SIMulation(NGSIM) El
OJE]E ARE-3ITE NGSIM o] H & A Yo} 22l 8|2 US Highway 101 (US-101) ¥F 7319 tl/d=]2t
o= 2] Interstate 80 (I-80) Y7 77| thdAI A 2t 24, 23 AT Algtoll 3% AAl w3 B4
ZAA5E 7N 73t T AFEY] 2AYE 01 HE FHFA A, £&, 7ML, aHFAE T RAH
SAHEE X33 Th(Halkias and Colyar, 2006; Colyar and John, 2007). “Le{ut AAJH|o]E] 4 F2of o]=
7} e BAZ B ATl Ae ol 5HFHE (Moving Average Filter)E ©]- 23| A H &3]3 HolHE AA 1%

Jg o2 7HAdth 102 712 ALE 53 AFEd tg b EE FHEEETE 83 CIDEE
ghEdte] 93 A FF 43S Alste] Abgstal 24H7F A ©] At S-S <Table 1> <Table 2>} 2T}

El

o

<Table 1> Study cases in the US-101 NGSIM data

Time Period 8:00~8:05 a.m. | 8:05~8:10 am. | 8:10~8:15 am. | 8:15~8:20 a.m. | 8:20~8:25 a.m. | 8:25~8:30 a.m. | 8:30~8:35 a.m.
Number of Cases 31 13 7 9 15 13 7

<Table 2> Study cases in the 1-80 NGSIM data

Time Period 5:10~5:15 p.m. 5:15~5:20 p.m. 5:20~5:25 p.m. 5:25~5:30 p.m.
Number of Cases 31 13 7 9

i

g

AM S5 dagEel 7HEE F e BB AEE 7 FAAFESY CITS B E i E(Penetration Rate)
ol Odgok% et U?E}/ﬂ Fol HgE A%l wet wslele wsAEE FAsy] 98] FE 1] (Sampling
0)E Aste] F2H9| FZ(Random Sampling)S 433}l <Fig. 9>} Zo] YehdT)

o
§
\_/O
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<Fig. 9> Representing available data in different penetration rates

2.

0k

7[. =13=5|

o

ACWSY A5H71E 1522 AAS MWTES 7|08 FE4AT AF ANHY AFgEE 245 ojd &
F(Binary Classification)ol] €8] &-&5+= 22} 3 (Confusion Matrix)S ©]-&-3] <Fig. 10>3} o] £48 43

gt}

<Confusion Matrix>

_ Positive Negative

Positive True Positive (TP) False Positive (FP)
Negative False Negative (FN) True Negative (TN)

Positive : need for collision warning in the current situation
Negative : no need for collision warning in the current situation

/ Nuisance Alarm Perfect Alarm Missed Alarm \
Minimum Warnin Time(MWT)
FP FN
Collision warning Collision warning Collision warning
is provided when is provided when is not provided
\ it is not needed it is needed when it is needed

<Fig. 10> Method of performance measurement

oz P AHE HleE AHHgH Fx £49 fol4 FRE HF ol EFV] HUte &8He
AUC(Area Under the Receiver Operating Characteristic Curve) at< AF8-3F3 AUC kol 19 7 AFE =2
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<Table 3> Parameter setting for genetic algorithm

MLPNNI-ACWS MLPNN2-ACWS RBEN-ACWS
Population 1000
Generation 1000
Elitism 0.03

Crossover 0.8

Mutation 0.1
Hidden Neurons 1 [10, 20] [10, 20] [10, 100]
Hidden Neurons 2 [10, 20]
Fitness Function Max AUC Value

Fd d31gE AHE 53 =27 A= <Table 4>9F 221 US-1012] 7% MLPNNI-ACWS+ 1571,
MLPNN2-ACWSE 13, 127, RBEN-ACWS+ 8471 2] Hidden Neurons 33} 1-809] 74-9- MLPNN1-ACWS
= 1370, MLPNN2-ACWS 15, 167, RBEN-ACWSE 7771 ¢] Hidden NeuronS £33 w] H Ao A%S H
doll wet s AE EE 5 48 T3

o TEaE T

<Table 4> Optimal topologies of each ACWS

US-101 1-80
MLPNNI-ACWS 5-15-1 5-13-1
MLPNN2-ACWS 5-13-12-1 5-15-16-1
RBEN-ACWS 5-84-1 5-77-1

thoket 37 ol A} Aulxe] AF F£ES Fobsr] A8 FAEA T CITS & BaE W nE
ACWSE| A5 48 St} <Fig 11> A4 7\] {F(Delay Time)@} ©% X E(Penetration Rate) ¥13} H
1 AUC # = ARk o
2 A AAZLo

= R=

r2] 531 %(Contour Plot)E LFERATE US-101 th/dA] 9] A4S AHEH 2 ACWSE AR ©
| ZHagel wel AuC @9 2717t S7kske AS ¢ 2%1 o EJEOl S7FE AUC
#ol AA = AEFgS AT & o 22 WHOE 180 A9 AHE B

o] ZrolA 1 3t B3 AFEL] CITS T o] &Fo] =713 u ACWSY A5o l
Atk O Yoyt FLE AAATT By

[e)
o2 ¢ & AUC #g Holth

T A&o] FAl AAAZE
PEE S AT ¢
£ yeld v RBFEN-ACWS, MLPNN2-ACWS, MLPNN1-ACWS <=

187, MI52(2019H 10¥)



ABNAYS BB VAV B JIY A £E

LA XK@ M| A THE

MLPNNI1-ACWS

Mean !\U(. \JLM

80
o)

g g <

- P 050 e 0.50
= 4 ]

& < & 0

= a 075 =l 075

US-101 - 8 £
g E 40

0.7 2 0.7

g g o g 0
=N -9 [

0.65 20 0.65 0 0.65

0.60 0.60

4 3 2 1 o 4 3 2 1 o
Del.a)' Tlme (l:l.un} Delay Time (min) Delay Time {min)
Mean AUC \xlue Mean AUC Value Mean AUC Value

0.90

0.8% 0.85 -0.85

% 0.80 0.80 % 0.80
= =
-4 -4

2 078 s = 075
1-80 2 E-]
£ £

& 0.70 0.70 g 0.70
-4 | -4

]

0.60
4 3 2 1
Delay Time (min)

MLPNN2-ACWS

g

0.65

.60

4 3 2 1 o
Delay Time (min)

Mean AUC Value
0.90

RBFN-ACWS

Mean AUC Value
0.90

065

i 2 1
Delay Time (min}

<Fig. 11> Contour plots of mean AUC values in Delay Time-Penetration Rate plane
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<Fig. 12> Performance comparison in boundary condition (mean AUC > 0.8)
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Foizl &9 =4 ob ARF Au2=e] F% FFol ACWS AEEHE AFANAET Bdof wet Aol
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2 AR R7] 34 s Ao] &4 (Performance Gap Analysis)< TH 3T A5 zfo] B4 F3& AT 54
ZT2 Performance Improvement Ratio(PIR)E &-&3tH tfS3 o] FE3IY TSI

PIR1 = (j522§%§5xﬁ:jg$‘;)xmo (G) wevsessmmissmmssinsissniiii s @)
PIR2 = (—AUCOf RBENTZACTS ) 100 (0] wovseescieesseesseessisessiesssissssesssise s 5)

AUC of MLPNNL—ACWS

2@} (5)° YRR AT 7o) PIR1-S MLPNNI-ACWS T H] MLPNN2-ACWS?] A% AMEE ou|sta,
PIR2= MLPNN1-ACWS TthH] RBEN-ACWSY] A% /MAEE Jehdth
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<Fig. 13> Example of performance gap analysis using PIR (Penetration Rate = 10% without Delay Time in the
US-101 site)
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< = Y42 RBFEN-ACWS7} MLPNN2-ACWSll B3] ©f & A
ks, 2 At gebs GRAYFE 158k AFANAE S AR Au o] A&

Al 1 Boh U2 A S 71U § ds AeE dddn

Performance Gap (%)
Performance Gap (%)

10 40 60
Penetration Rate (%) Penetration Rate (%)
US-101 1-80

<Fig. 14> Performance gap in various parameter combinations of penetration rate and delay time
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ACWS(Artificial Neural Network-based Collision Warning Service) =
AR 74k ¥< ¢ e]F(Associative Memory Learning Algorithm)
AR 7hEAE 73A%T B Yoyt abeF ©hdy] AR 9
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