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ABSTRACT

Various traffic situations on multi-lane highways pose challenges for autonomous driving, requiring adherence
to traffic rules. Traditional rule-based decision-making struggles with safety in complex environments, leading
to research on deep reinforcement learning (DRL). This paper proposes a decision-making method based on
proximal policy optimization (PPO) with hybrid actions. The DRL model inputs the states of the ego vehicle
and surrounding vehicles, outputting continuous longitudinal control and discrete lateral lane changes. For lane
changes, actuator-level steering is controlled via pure pursuit. Experiments show that agents with hybrid actions
are safer than those using only continuous or discrete actions.
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Fig. 1. Decision-making  model  based on  deep
reinforcement learning architecture.

Algorithm 1 Decision-making model based on deep reinforcement learning
1: for step=1to N, do
2 if episode end then
: Select a scenario and ego’s start lane randomly

3

1 if episode > N then

5: Activate {1,... ,Np} cars randomly

6 end if

7 endif

8 Other cars control based on the selected scenario
2 Get current state 5,

1 for Surrounding Vehicle = 1 to 6 do

11 if Surrounding Vehicle is empty then
12 dTy + 2 X Tthreshold

13 dy, + 0

14: dity 4= Vmax

16: end if

16: end for

17:  Scaling S, by division

15 Make decision according to a; € [az, y

19:  Take input a, to longitudinal actuator

20:  Caleulate lateral actuator value based on Pure pursuit
31:  Get the next state Sy, and re(s,a)

22 if collision or reach to maximum distance then

23: episode end
24 end if
25: end for

8 2. AF sk 7k 78 ad 29 oapdA] 3e
Fig. 2. Decision-making  model  based on  deep
reinforcement learning pseudo-code.

1674

7] SIgk Al 18- ARkl o] EAfjsh, wix|wh
o5 oz} AGA AR weket Alfel oE ¥
Ho= Hio| FAIEL)

2453 AR LDARS) Fhlieh A4 5 ofe] Al
) &)

dare]E T ARk A 914 %, y
=

N

u
9

X

S5 FAY 4 ek w1, 291% o]
oA sl o] 91715 QlA|at 4 glom, Al
A, AR F4 5l AnE 2gae,

B el AT Al Tkl dla 52
37] $151e] Q1] ehmlEe ARgShE Zlo] obd T
o] gl2)o} e, el Ak FAlel el AR
o] AnE AHgale] Tk

3.2 AMAHEH 2d Jjdt ojl23as 4N Z2MA

e MDPR A5l A% i e
= =2 9)9) Agke] F4E Aotalr] g3l o] Dol
MDPE #elalsie).

2.

A 37k FA| 271K SRe® Aeojslgic) wA,
oo e Alke] AelE 7o R F5(y,,), 2 222
TAH cllo|dE 2f=F FAle] y FHa Afol(dLy,), oll°]
AE zego] Fastazt sk F4 2kw g4I y
FH3t 2eldL,,, )= B8t - WiAlzes 5 A
2K Surrounding Vehicles, SV)ell 33+ AFel| 2 of|o]d
E Agte] x, y Fat Ael(dr,dy,), S Aol(dv) =
gelatairt

S=lv

ego’

dLy;,dL dx,dy,dv,]

=123 5s=12..6

target’®

(@)

5 T T Rk 3 weke piEsle] viehdisd

T W WE(a, )= Aol
ARgEH, W9l -1, 1]0ltk

ko] A ARE VR
5% 225 AAy)sl "ok 2l fA(Lane
Keeping, LK), =5 =M1 "W7(Lane Change Left,
LCL), %= *}4 #7)(Lane Change Right, LCR) 2.2
T4 8)F zEo] Aogich

A= la,y,), v,€{LKLCLLCR) ®)



/AT S N stolHE S o] &3 AEF A ngGre 9 At A

‘Current | Current ‘Current
X ‘Lane’ ‘Lane! Lane’

< LCL> < LK> < LCR>

a2 3. %5 TA A9
Fig. 3. Definition of action space.

3.2.3 24t

B4 B 571 SRlel gelsielon, wE
}_;l_/ﬁ— /Kolér( CobjedEcallisizm,speed,laneEMor,lc, wd )J‘E_ oolz'\_i Zé
SJsiiek WA, FEL WA Sl he A i
7h=d L(guard-rail) I = S WHAE] $lsiA
T2 (1008} o] FE5 A8 A A 5o] BARS o
SR, WAz S5 2ol ol w2 e
ool Afake] AT S W3] [0ty Wl
o Siell tialA =2 HARS 5] SlElA] CleRlE
Az Sx(el G 52 (1)) 2] dehillet
™1, dolAl ek 4] @ella] Mol vl 4 W
of thalAl EAl AzE SAskA okl Bz Al
WS sk gt w3 AR WAS she Tl I
A2E K A5E shad) 2 al, Ak 2l A
22 AP WS s Hehan, A Akme] F4le] of
W npzel|x] FaE 3| =k wlehA o] & WA
slal 41 (12)2} Po) HE Ahze] yahusl WA A
of yHE eld,,, )| 2710l ulelele] o) mAke
Rolshes Agshglch o Rt e A4 WA
Algkslr] siA Al AL st o AR R o5
webe 541 (133 Bel §) A polaglel,
Aol Ao shrel S olo) A % &
Azl o1e Wl el ke A4 WAL 3l
9L Ttk ARE Aok slslck 5 13k2el)
4] LCL, 32}=2ol|4] LCR & o LK-E 3l== 3ck u}
e ofeieh Alglo] WSS A9 4 (1499} 2]

2o wARE YolsEs SR, 3 Wi,
& 54 99} o] o] - Tiak Aol

71 =7 cottision T speed ¥V tancmror TVie TVwa  (9)
R
Y tanetror = Canerror™ iand (12)
=l Sl oy
yo = [(; Cou :ijt%/o;ijecision (14)

3.3 PPO 7xE

PPO= AHo] ZAl= = WIS Aldste] PGl
WSk Rt Z3AE WRIste] sPA ]l Al T8
Alg 5 oAl ke darefselfl

HEmtellAs 802 SaA7)7] SlEA A
K S)= A A= (scaling)dte] 1 HIHS, 0)E
UEH A gH o AMEhes gl Al 213
gk w3k shle] malox] el<a} o)Al WE-S £A)
ol AHgsb] 13t A vIES = 725 AR

A Ws1E ofvlgkel

1. 999 vENZ JHAA 2AUdE
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Table 5. Parameter of deep reinforcement learning.
Discount Factor 7 0.99
Experience Buffer size NV, 12,000
Batch size N, 64
Maximum epoch N, 1000,000
Learning rate / 0.003

Collision B ‘dlanel
rate[%] [km/h] [m]
hybrid 1 106.62 0.152
action
single 2 103.93 0.154
discrete
double 6 101.61 0.199
discrete
only 11 89.94 0.653
continuous
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