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ABSTRACT

Several efforts in Korea are currently underway with the goal of commercializing autonomous
vehicles. Hence, various studies are emerging on autonomous vehicles that drive safely and quickly
according to operating guidelines. The current study examines the path search of an autonomous
vehicle from a microscopic viewpoint and tries to prove the efficiency required by learning the lane
change of an autonomous vehicle through Deep Q-Learning. A SUMO was used to achieve this
purpose. The scenario was set to start with a random lane at the starting point and make a right
turn through a lane change to the third lane at the destination. As a result of the study, the analysis
was divided into simulation-based lane change and simulation-based lane change applied with Deep
Q-Learning. The average traffic speed was improved by about 40% in the case of simulation with
Deep Q-Learning applied, compared to the case without application, and the average waiting time
was reduced by about 2 seconds and the average queue length by about 2.3 vehicles.
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<Fig. 1> Research Flow chart
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1. ASFdAEe 2 710|=21

1) ODD(Operational Design Domain)

vz =2 0% = NHTSA(National Highway Traffic Safety Administration)ol| 4] A A g ODD+= AH-&5-3)
NzRlel 54 A5 20¢ 5] 1% 2B/ W <Table 153} Lo| Belx lxe}, 9 Ak, A
24, &4 24, A4, 7902 74 UTHNHTSA, 2018).

<Table 1> ODD Category Descriptions

ODD elements Detailed Components ODD elements Detailed Components
Roadway type Weather
o Roadway Surfaces Environmental Weather-induced roadway conditions
Physical infrastructure ..
Roadway edges & markings conditions Particulate matter
Roadway geometry Illumination
Speed limits Signage
Operation constraints Objects Roadway users

Traffic conditions None-roadway user obstacles/objects

Vehicles Geo-fencing
Traffic density information Traffic management zones
Connectivity Remote fleet management system Zone School/construction zones
Infrastructure sensors and Regions/State
communications Interference zones

NHTSA®] EiA{oll= ODD 7ol 7]%3t A-&FPA 280 75 A Eslr] 93t A A 2EE A
o™ <Table 2> Lv4 Highly Automated Vehicle/TNC Driveol] Tt A 22| ~EQ] YHEE Yehd ol

<Table 2> ODD ChecKilist : Lv4 Highly Automated Vehicle/TNC

Physical Infrastructure

Roadway types Divided/Undivided highway, Arterial, Urban, Rural, Parking, Multi-lane/Single lane etc Y
Roadway surfaces Asphalt, Concrete, Mixed Y
Roadway Geometry Straightaways, Curves, Hills, Lateral crests, Corners, Negative obstacles, Land width Y

Operation Constraints

Minimum speed limit, Maximum speed limit(At least 35 mph is likely to be needed to

Speed limits traverse a city) Y
Traffic conditions Altered(accident, emergency vehicle, construction, closed road, special event) Y
Objects
Signage Signs, Traffic Signals, Crosswalks, Railroad crossing, Stopped buses etc Y
Roadway users Vehicle types, Stopped vehicles, Other automated vehicles, Pedestrians, Cyclists Y
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2) OEDR(Object and Event Detection and Response)

AEFYA 2Hlo] T &4 RUEHP S Faf AA E o|WES A, 14, EFsta oo wt gs +
H] S &}= DDT(Dynamic Driving Task)9] 3H9] 2r-& oju]dic) A-EFPA| 28 S 28332 300 o
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2. OIAIFQI 2HH0IMSl XiZ2FAAE =AHE

BEAYL AEFH7|e] T2 74 84 T stioly AT AY BEY 34 Ao BE Aol T
g A2 IPoItHL et al, 2020). 71E9] ARAHL HADH=A Lda2]FQ Dijkstra Algorithm, A*
Algorithm, Bellman-Ford Algorithm 5& 283l A =& HEIE AANZQ #HOE vigtrn J3
@ele A2EAe st 18y AeFH7e F8E At vk H2 dFddMe EA S
< AR Aoz wiTtEY AFEF, ARWA, wAR wAk T gYRt 7E BES g %“—H% T
Fata k. B3 EASA A AeFHE sk AF AT FHAA 229] fdl v w
nhEshA He Az T #3d £ 34 ]EO] Izoltt. AEFY Ve I &
st ARERA = AeFYAFY AA 24, 42 4%, =2 3 24 AE HH Y & 7}
atr] 32k oz ¥ AEHAA LR A2 9 Zé—“i?r— TS ECh(Shim et al,, 2020). WHEHA A&
83} Altholl 5 mAAQl B AFeta AU Az FE2AFo] vteA] ettt

io‘ﬂw
X ool M
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[ELAS)

HA 228 =S o3y A7 A A&FAAEC] Boles AR F AUERAE HoHE 7]
Ho g 28 A9PRE AAsen 3y ofFd= 7|29 FAFEE teie EEe & 5 UK
Kwon et al, 2022). #&d EAT S B8] A2WAL 53 ALFWF A=AYS 98 2w A
S AUE2A T} o]& B3l £ A7 AEHA & =2 ESAE AT A
2 543 7ol obd sjxelge] Al AR A=Y Tl ¢-3A
of HF FHANA Mo 22 FHL £ A=F s

=
=

T2 7ke] A2AE L ng] FoH &9 2AdAE & FPE AT B A #A9 B
Ho g Qs ATd AsS Hole o] Uth(Wang et al, 2018). £3 FHL 93 7}s3 RE 20 (2 F
F 22 FAW, 25T F)olA A Fof diolElE s sk sl o] Hlgo] wo] s HddH
olth, W A3}ty 7|Nke] A E2A g Bsty B8 oA FE FEel o shrs e AW
OF oo|HEE FAHoRRE WE Wi TS Ausisten dr) webA o] HET} oA B A

Ul edAete A5H R HAEAYS L  Av A3sts RES &8st At gt Kang et al.(2021)
7J§}5 <% 7112l DQN(Deep Q Network)¥} DDPG(Deep Deterministic Policy Gradient)S &4l &-&3}o] =}
Feare] HHe] ARE e BdS AsiAth DQN% A 2E AAetr] Sl AHgs o
DDPGE &EAIAE {3l AMEstdTh 488kt State= & INEA &=, SRS 7 ofF, 4
AARA T AR, AP As et 7431 SRR A, BA A, AZ W AAA, o5t &
ADEANT)Z TEIGOH Actione $= 27, AR, = A2WAL 27} [0, [1], 212 239
Reward+= 2} Time step2] £ 59 El'oi 7“0}%‘\0111 FA4A, FF TY % Fgo] TAT A= -19
penalty S H37}3} 5 th(Kang et al., 2021). Ye et al.(2020)2 PPO(prox1mal pohcy optimization) 7] ¥+e] 7}8}8}5&
ALgEte] AE3lE 22 AERe B3] hAsty 829 AZA L AT Statew AopaEE 7]
ToE Y A B &5, VIS, g 57149 el E, i AEFS 7%
o8 Aopapakae] A A, THEF HEE, T AXE X3 471 AEHTE Gt

Bl
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2 WA A (1], AEHE 22s Fuste A5 21 AAs A $HY 532 71E A2 ] At
FEe MEE A 0], FEAR APAFE w2E A9 (112 AHSATE Rewarde P4, B84, AL
s THCE AABIA M-S FE B 2R = AR Wt Bk a8 5% AE/AY olF
AIZE g giA R WY, AR A0 B7FE FAJSEATHYe et al, 2020). 438G 71Wke] Ap-g-FaY Atk
AZAYY #ES =50 FZS B9 E =59 A ZAH Al A3 State, Action, Rewards 28315t} A
Agt A A g e M A7 W2 3) Deep Q-Learning®] A& HA ol A AAIsHAT

2 AFodA AMgE 738k 2d2 Deep Q-Learning©|™ <Fig. 2>& E@ Y F2F UERA Z 0|t} Deep
Q-Learninge Q-Learning®] DNN(Deep Neural Network)E 23+ 45738lehs =@ = Experience Replay
Buffer &% 0¢] <% o]t}. Experience Replay Buffer®t 731842 st HA vlZ 7[E5X(w)E SEA7E
Zlo] oly2} Time-step}th [S(Current State), A(Action), R(Reward), S’(Next State)] HI©]E A& Zo} Tuple ¥
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B 2 Replay Memory2h= Buffer Poololl #7828l 71 }HS}A] Mini-batchE T3t Jelo]Ests Wgolth
tolHE WA F=3HA = ARt ©E Z} HlolE 11 ”J&raﬂrﬁlﬂ oA HM nEA EE3HA
Hr} o] e YnbEl Fslslks Al £ AEL T2 AHIAE A diolH E&40] vr] wiEe
UESFY 3] og 7t ZAE 14 & 5 AchMnih et al, 2013).
Reward
l (Safety, Efficiency, Comfort) ‘
Agent DNN Policy
State
Lateral Position Action
Longitudinal Position »  Environment
Speed Lane keeping
Acceleration Right-Hand
Distance Left-Hand
1 Parameter 0
Observe state
<Fig. 2> Structure of Deep Q-Learning
6. #YFS 2
135 5l FUF ARoIM AT AP £ Sl WS Jh& 9 B0 2o Ao FUY
52S Alojdth sSUMOol #&o] 7Hsd 2% 2L Krauss, IDM, ACC 5°] glom B a3E= kA
EE FAE THoE F AA, 33 d5F AFFS 29 Krauss 292 AHESHIT: Krauss ZH-E
1998 KrauBell oJsf AL Ao &7 A3 AgFae] dst= Azt 3 FAHES 585 24T
= 78 Stoll kA &= Tnbe] AgF mdoltt. wE AlEgolddA ¥ A 3 Agko] s
4§ A F APl N2 FEHA GES L) g 284 F @ W olde A 9 &=
Bt} #2] 3 £52 FooF JTHDLR, 1998).
v < /Usafe ............................................................................................................................................ (1)
U (P EE)E A @ 2ol AdEHY 2ol FLI A2oA A& g FE8HA BaL AL 5
9 AT) SEZ GOIAT (1) ATk ol A el @A) SEoIM, ¢(1) & A A A A}
o) 72 AL etk 1 AR 717L ¢, & SRRk W AN 129019 b A AT 24

S o|TH(Song et al., 2014).

_ IO TONE st
saﬂ Ul(t)—"_ Ul(t)+vf(t) (2)
4

2b "

v, 7 F ARTEE 2] date £51 0, B S5 AN F Atk oA AFe) TMEEs =1
A 59, 371 A 22 3o we} @i Tk 7o 2 Qs ERAA FEHE AU SEEG 2

Vol.22 No.1(2023. 2) The Journal of The Korea Institute of Intelligent Transport Systems 281



AW e Apge] e TS Alojsty Age] HEe Y] aF A4S vigo R 9 AE
glojd TAol g A WA AAS AL SUMOIA 78 7hsd A2 2de
LC2013, SL2015)E B AF= AEAL A£4AQ Za A2 715ey A4 25, 3ws &5 7iEs
2 7Jet ARE 13 4 2hQl SL2015 B S AHE-SFTh(Wang et al., 2021). SL2015 22 LC2013 2
= 7INte 2 @ A2WA RdE AFFFe AT A2 WA, 4893 A2 WA, T4 Ar WA, =
& 9 A2 WA olox dAS FHF AES FAs] AT A= WAl 7hsEtth SL2015 BE
<Table 3>3} Zo] LC2013 ZAoA A Ysh= v/ ¥4 9ol = IcSublane, IcPushy 5 A Y3t= 2 w7l
FE0] Ath(Eclipse SUMO, 2022a).
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<Table 3> SL2015 Parameters used in SUMO

Attribute Description
lcSublane The eagerness for using the configured lateral alignment within the lane
IcPushy Willingness to encroach laterally on other drivers
IcAssertive Willingness to accept lower front and rear gaps on the target lane
IcImpatience Dynamic factor for modifying IcAssertive and lcPushy
IcTimeTolmpatience Time to reach maximum impatience
IcAccelLat Maximum lateral acceleration per second
latAlignment preferred lateral alignment within a lane
M. 4+ H&
1. o7 Hel
B ATE PAFEA 9T UAF §aAAY R U2 WARE FHOE FYSHAT §2A
e gy Ao} AU RS FUsE AFSE Aste] AAHoRE ma EEEERE
Atk R0 AR $2AAY PFOE FH 4R TUAS6m)H FB SHEE BelHE U145 S
MR WARE FHOE 12 PRSI DA TRHEOME AT HAZ A
<Table 4>3} o] NHTSAIA A A%k Lva@A €] ODD Al 2B we} B2 Qe &F Al A,
73 24 Fo] Fgsita ddEo] 313 Wels dAsth
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<Fig. 3> The spatial scope of research

<Table 4> Spatial Coverage Suitable for ODD Checklist

ODD Elements
Roadway types Urban, Multi-lane, Bicycle Lanes, Crosswalks
) Intersection types Signaled, 4-way, Stop sign, Left/Right Turn
infl::s };:;Cca;He Roadway surfaces Asphalt
Roadway Edges and Markings Lane Markers, Curbs
Roadway Geometry Straightaways, Curves
Operational Minimum/Maximum Speed Limit 0~30km/h
Constraints Traffic Density Normal
Objects Signage Signs, Traffic Signals, Crosswalks, Roadway User Signals
Roadway users Car, Pedestrians, Motorcycles, Cyclists etc
Zones Geofencing School Campuses
A W9l S ERFRIE AA 2UEE 2 2y we) LvddAl o S8 EEE AR
2027307 A }%D}(MOLIT 2022).
W82 HH= AeFBaFo] ODD AL 2Eo] Fashs @74 FH &7 AA 2 AF Aol &
& LA RE 22742 A& HREA TRe Zolth B SASA A wiEA] 2 AE A oA
of AWl a7HH & A Algdold 7wke] A2 Deep Q-Leamninge H-&3 AlEH 04 7]

wel AEWAS Bt BY &%, BT o)) Az BE 019D Lol 242 wm BHnA Y

il
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72}

NEG AL Yo o= 2] SUMO(Simulation of Urban Mobility)S &
&35ith SUMO= 2001 549 @55 AEHAM nF dF, F= Y 5 A7 SO Add Ao
AR AL 77t E2 uE A2ES mdd & S 9lth 3 TraCl(Traffic Control Interface)S Z3f 2
5 o Eg Aol SUMOE 43t A9 k& AMsta 2438k Z10] 7Fs38lthEclipse SUMO, 2022b).

1) E2 HEY3 74

LE &2 X]E AMul 2Rl OSMe F3ll 712 S FAT F A7, A= do] 5 AT UEYD JE

ARAZAE B3l w3 E A5 HolHE §HARE FEEH o H83 Cycle AlE F 160%
o|t}. <Fig. 4> SUMO2| 131 Y EL 2 otEIQ] NeteditE T3l Al EY oA & wapzo] W AT E
ARske #4S vehd Aol

<Fig. 4> Intersection Signal Setting

4. pELSIEHE 7|8 AIEY0|M &
1) & g5 MH

AEFol e A4d wEFS AA h71PE7 FAEHA ty] FZo] A REFL Alete] 2As
Atk BAWen YR FaAE ko z 23 A% 5200, HR 2P 520, -3 H 2P 390tHE
Z 92t & A8k
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78k 2T Ao A2HY YHE

o

AFFE 2dy 3287 29 SUMOd A4o] 7Hsd Krauss 2@ SL2015 & AR&3H Tt 2}
HFF 2o M4 (Min gap, Sigma, Tau)= <Table 5>9} ZTHLu and Tettamanti, 2018).

<Table 5> Variables in SUMO car following model

Parameter Regular Vehicle | Connected Automated Vehicle
Min gap(m) : the offset to the leading vehicle when standing in a jam. 2.5 0.5
Sigma : the driver imperfection(between O and 1) 0.5 0
Tau(s) : the driver’s desired (minimum) time headway(reaction time) 09 0.6

2) Aluzle MY
=0l SR A] WY XEZE SESte B2 Z)9] 3xE7HA] AFEHA S E3)
e slow g@aaap_tq, ol FH wE FF} AT Aol A JYL Btk

o
Sote
™

3) Deep Q-Learning2| X2 MY
w d7e ASAEEE 7IMOeRE Deep Q-Leamings A& M SH5O| State(FEH), Action(H-F),
Reward(H)& T334 7o) A 2]5} th(Université Gustave Eiffel, 2021).

SaeCdEh s ool HES} T Aol A% A WEE TASA, ool AE A WeE Y 9K,
F9F A, £E, IS5, A9 71 952 TASAT 29 A 4 Art DY 9K, S5, s
=, ool Este] A Az 4714 W2 A
Segent = {lateral position, longitudinal position, velocity, acceleration, distance} ««+«+++ssetssssessesnenseesennene 4)
surroundinguvehice — {lateral position, velocity, acceleration, relative distance} ==+++==+ssssssesessesmnsininiiian )

Action(B8)2 clo|FEZL A=A L AAl, oGA +RLA wiE = =S Rl LT WIS

2 FASAT WP A5 A A BAOE A2E AT FS

©ateral {keep Tlght lejt} ................................................................................................................. (6)

Alvnwtuduml {follow the current lane, follow the tarqet lane} ............................................................... (7)

Reward(3 )& Safety(QHAA)), Efficiency(E-84), Comfort(HSHholgh= Al 714 BEE Ea Abeteloh
1A AL FE AP e B dlo]HEs} ‘l‘tﬂ AkgFate] AH Rl At A Bold dAGE
o Zopa FEo] S Bl E A9 AZWHA S Fdske HHES e 5 Atk 4 8)91A4 DE o
ojFES} TR A e FHA AglE YERA Aot
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Bovcar_coltision ifd <20m .
Rt — 9200 if collision 8

T e JUtR B, (1) A #BAY Y BAo|1
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2e] Aolg, R, 5 2olE ofnlith

o
2,
o
)
ut
o
ol
rE
N
o
Lo
dot
ok
O
¥

Ry, (t) = — ot

leuk(t) — |P;1‘_ P!,| ..................................................................................................................... (9)

Ropdt)= — | V,— V|

Rl,//(t) = wp Ry (1) + wy Ry (1) + w, Rp((d( £) e (10)

g ey ek A3 3] Hrre B3 AktEY A3d LA Bola HEdA #E

A 7|73 FALR 3ty Byo]a9] AlFgo] WA= AF7IA] A o] HASHA == ojw A7
= A 2AA"RS grigith 4 (DY o, & FHF AF, o= FEEF AW, o g SWFH T
o] Wbl el 1FACIT. of WAt Ve A% wEAL] A PGS o) AFe FU)% e
g A7) e =E T

R{'mn/<t) - _ a.(i_,;(t)Zf ﬂ.(iy(t)Z ............................................................................................................. (11)

A WS uBoE ASAISEFS FdsAeH BEd FE5E 98 7EY A4 Zgdadd
TensorFlow 2.11%] Keras APIE AH8-3t T AFH 272 11th Gen Intel(R) Core(TM) i9-11900K @ 3.50GHz
3.50 GHz, Windows 10°]™, ?10]:= python 3.9 W& AH8-3I3 T

AE4sers Fd H34LS 10,000 epoch F W E o™ Step in Epoch= 218, learning_rate=0.00001,
discount rate=0.99, batch_size=32, Replay memory start size:33, layerl=64, layer2=128, layer3=64= A= )T}

fol
m{o
ox,
i
o
-0,
ok
mlo !

A, , Agee 2 & Ho 7F B o A= <Fig 5>3 2ol Uekith AlEd oA
T o] EE Rewards Hthsksl7] 93 mgsiolon] dF Mse oy AubAed FA= S7tshe A
< & F AT & F 9T v 1A FAL ool EY BAAE Huiskslr] 9 e AR g
SotEe HERTH
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3t FAN A F Hi F& £4L <Fig 6> 2o] YJERETE epoch7t 713l whet 4 3¢ gho] A
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