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[Abstract] For the problems of adaptive cruise control technology, including insufficient environmental adaptability of
control algorithm for Deep Reinforcement Learning (DRL), poor model mitigation and generalization ability, this paper proposed
the Soft Actor—Critic (SAC) control algorithm based on the principle of maximum entropy and stochastic off-line policy. SAC
network was built to fit action value function and action policy function, and auto—adjusting temperature coefficient was used to
improve the environmental exploration ability of intelligent agent. For the problem of sparse reward, the reward function was
designed by using the idea of reward shaping. In addition, a new experience replay mechanism was proposed to improve the
utilization rate of samples. The proposed control algorithm was simulated and tested in different scenes, and compared with
Deep Deterministic Policy Gradient (DDPG). The results show that the algorithm has better model generalization ability and
migration effect on real vehicles.

Key words: Adaptive cruise control, Soft Actor—Critic(SAC), Mitigation, Deep Reinforcement
Learning(DRL)

[SI AT B Fo R, (3345, WaRZE, 45 JLTF 2Pk b I8 S50 1E 10 G R L5 AR S 0], ¥ 45 A, 2023(3): 26-34.
ZHAO K G, SHI C D, LIANG Z H, et al. Research on Adaptive Cruise Control Based on Soft Actor—Critic Algorithm[J].
Automobile Technology, 2023(3): 26-34.

- AT BTk [ S B AR R 2 RGP SR I, B 22

TEFEAR LI B30 BRI R B4 AR | B
H & I 3% i 722 1 (Adaptive Cruise Control, ACC) J& SUEAS R TR IZ BT . EERT ACC A N R Oy

Y A B2 R B HOR | I H TR ACC 340 T THLRE 1 25 S, DRL AT AR (LB (T 5% JEL 3

Kb BIBRE TAE, IF BAFE R A T & B 22 SR B FIR, 76 F 2072 40 A9 DRL 333 28 6

AR ] IR R AR 2R (Deep Reinforcement TR ) A 2 1 TR s T AL 1 SR W o A A o P TR g

Learning, DRL) 18 i 8 GBI 5 PR 32 BLHEAT H 27~ e K AT R Fu S5 TR B 6 5 1 SR 0 B B (Deep

PR BTN E , L2y~ B B ARME 55 Y B SR M ™), 7E R Deterministic Policy Gradient, DDPG ) 535 11125 % 2 il 3
FEEETUH TR E AR R T H (2019B090912001)

-26 - "OE L R

1 B

il




AN, A5 - e TSR B PR SR O AP B

PSR SR M, T R 2 4P 5 Qian SF VR FHOBUAE IR TR E 1
SE M SR WSS JE (Twin Delayed Deep Deterministic Policy
Gradient, TD3) 5535125 B MIEAR A0 F 0 25 A 30
BRI, fp DA T O DR AR5 U AL ) — B ]
RS T P 8 S 1 SN SR A R R P AR
REAS IS SRS R (BB PME IR R A FE 7 H]
RERT 2 Rl e DA By R st (AR R SRS A2 AL
RESIAE

FEXI E PRI SRR BE ) 22 A Il , BEHLPE SR
M AEZR SR AL T T A PR R o Lin S5l 2040
3 51 -8 % (Asynchronous Advantage Actor—Critic,
ABC)EBIFFIETREN R 2 —Fh A Zh B Rl SRR
% 5 He 251K FH 3T 35t 9 B {15 4L (Proximal Policy Optimiza-
tion, PPO) B vA 4R ) —Ff A ) 25 38 2 H AR ) 507
5, I A 24 RO PR A I S, B2 SR AR E T
A B SCHRR FH B BRI S B AR R B ) B, A S
A BRI IV RE T, AR ) AR SR, ) 7 S AR AR
P AL

PRI, 7 SCHR H — ol i 7 2 P 3 5% — P18 5K (Soft
Actor—Critic, SAC) ) ACC 5 o #7280 H 1 v 1A
4 Eh /R AT SRR A, A BRI D1 R 2K I 2% 0
PIVNEEEREN St Fonrank: 3 &7 Pk PV &)
HIREAR YN Zpb At — 2D AR o R i Hh A s ) 5
TEAEA R 7 R AL A2 PR v A I, S 1 10
AR

2 HEBNKMERBFRE

21 FiHIRBEEER
ASCUITRH A ISR 4, 450 E 3 N AL
K 1R,

T d,. HAR%
B 4 B IS R R

FAIRBE B R AT b, HAREERIVE R H ik
T 42 ) B T AR AR , 7R PR IIEAT 45 22 42 MIIE B 28 18
BRI ) IR 30 7 A28 B 53 )0 BRI AR SR T T
7 A R R I b Y [ E 42 Sk I BE (Constant Time
Headway, CTH)""WE iy HAREE BT HE ik . A3k afEE
T LR :

T=dlv (1)

A, d N E4 S BARG M SEPRI RS ;o o EAHE

20234 Hi3H)

Fr B O EE A, R CTH 1159 B AR R 25

o H
d =T +do (2)

P do oy EAR 48R 5 R4 i N R B
22 LGRATKRFRILRE

W EEAE N DRL R RE IR , LR BE H AR 4= 4758
SRR 5 /R A R P 3K 33 B2 (Markov Decision Process,
MDP) /K. MDP i 4 4E504H[S,A, PR, Horr S A
Sy BIPIRAS 2 MRS VEZS 0], POARIRASFEME R, R
JilpRE . ASSCHS B 20 3 7 5 B AR AR R SR B 5 H bR
BE BRI IR 22 A, 4 SEPRHEEE 5 H bR B (HP H bR 4
PR ) 1R 25 Ao VERIRAS SR A L ¢ B 20 F2 4210 EH bk i
v ME R BIAVER H , X8 St B ZI AR 25 25 8] s, M Bl V28 1]
ai:

{s, =[Ad,,Av).Ad, €[AD,,AD, ], Av, €[AV,, AV, ] )

A =015 gouts € [Vmiu? Vmax]

KB, ADCAD I B A PR R 220 T BRS FFR 5 AV
AV, 53590 Ry T8 15 2 1 B /MBS B RAE 5 Vi s Vi 73501
h B bR R e M S R

¢ 15 20 1 3 %7 88T )4 i ok R T DA AR A < R e A4
P BPRASAF B s, AT DRL A 0 84 @, 38 1 22 i)
PR R ARAFE A, JE AR IR SRR PAFOIRAS 75
o

3 BEMKAnE DRLIZHE X

3.1 EREH

AR Q 2% 2] (Soft Q—Learning, SQL)"EER -
U AR AT — T T A M i B ) DRL SR, G 2
ARG I AL — D BENLPE RN , e 22 s 25 Al Y
A FR Gt BB aE 1 o i8] 2 R B T
SRRy A N T DRL G A, Heaz ) Hbn 24k 3 Rt
STl S A R B R K A SR

- max E(Spal)kﬁ[zlr(s,,a,) + aH(ﬂ-(-| s,))] (4)

X, Eeos FIIE  r(s.a) 0 I 2] ACC R 58 R HUHE
B 1R (4 0 5 H(ar (- 1s.))=—E.[log( (a.ls.)] 1 7E 5 W 7
AR ;5 ok U R R B, T A X T4 il A AL
i,

AR SO R B 1 22 I 45 0145 Sh VAL oRBSOR Sl /R 5
W% BRE , 73 1 A TS 2R ( Crritice ) A8 51 (Actor ) 4%
3.1 THEEML

X T BN AR R, 1T 2 2 B2 1 4 i 42 2% I 246
XTHATEIA o 7EanE 3 R I ShTEE I b, LORES

— 27 —



AN, A5 - e TSR B PR SR O AP B

s, MENAE a /E J ki A, 2P 52 i bR 21 (Rectified Linear
Unit, ReLU ) f{x)=max(0,x){F A 3% pREL, a AT HEE R
Bt

SNVEAE 285 (R 52K R ESCR ShVE(E PR AL Qs wa) FIE))
VR HAReREL Q,fs, @) ME 7 2

10)=E[3(065.a)- 0fs.0)) (5)

Hre

0,(s,.a)= r(s,,a,)+ 'VE(K,”,%)W .
(Q_B(SH 17a'p+ 1) -a log(ﬂ-(aul |s[+ 1)))

X, O IEE M ESEGy A 1
FLARIN v, (1 0030 = 8 0 46 I 32 HUER /DN )

(6)

Qulsia) , LA X SRR e i

B2 Al ST ] DRL S F:

K3 S EERZE

3.1.2 G

SR BRI AL-E AR TR, SR SR o 25w A A
JH 2 J2BEo 2 1) 4 15 42 R M AT G . aniEl 4 s
1Y B AE SR 1 2, LIRS s/ i A, ReLU /E 0
T PR, T AT B BB A7 220V . H kT
mHlo RAENVETFA AT, Toik A0 2 s 6 B
PRI, A SR T B S50 7 vk, 5 B 1) A5 4 B A Hh i
e o3 A FABR e TEZS 0 A AR, AR IE 2573 A1 Hh 3R
KAEAE e, DT ARAT X5 g 4 {8 FH 75 25 2 7 43 A 19 R A
iﬂjf/ﬁau

asu+eo (7)

B SR 190 265 (4458 2 ok B8y T 245 A it B g 30 2 A
5552 PRAE TR B A Y B2 KLU (Kullback—Leibler
Divergense) :

- 28 —

exp( L0,5.))

8
70) (8)

J(0)=E|Dy| m("s,)

X, @ HEERIE A SHL D KLU ; Zi(s.) Jo il
oA E N B BC o PR A

&4 ZhESRm L

T3 Ah e oA R AR B AR a B (E BN
(o0, +oo)  (HTE [ 3 W 3 M3 5 ol BEAE R B V2 3t
(), PR 20T B4 @ AT 784 o AR SCI0 ] e 4 e 20 23
177, 4 a1 tanh B PRECAS B P LA IS 3 (- 1,+1) 5
SRIG AT B A TR LA 1 258 10388 ot B o 1 e
e A B LS AR v
32 BIANRERH

BERHAE 38 TR , TR R B VB A I AR

"o R



AN, A5 - e TSR B PR SR O AP B

AL B P SR M BT O P P o oK, DU ) St o
HL, ACC REEXI IR TE 77, Al 22 2 1) 3)
PR o SR8 AR e 56 19 [ 7 o, ELER T 2R A (AN
Wizt , & 1 e 2x FBANATRE , HA 5 I8 E)
JREB A A, AR SCBETE F A I R B, RIS
ACC RGERE BN XIS, e B VE AR, B i K
SRR B Z B A], A — KRR R TE i,
R EHEATE , Kok 580/
o I Z2 B AN B 2R e -

@, = arg min Eu’_ﬂ{—al log(Tr,(a, Is. at)) - a,H} (9)

P, oAy ¢ P IR RE FR88 H oA Y HRRASR SRR
TR JE ZR B R RN
J(a) ZE[—a log( (a.]s,)) - aHo] (10)
=, Ho A I 4
33 EREH
H il bR DRL () F 2850 43, W ZRBOR A H A%
UREIN G Bl PR AT DA | S R A s A 2] B
FYRHTE, IR IINZRA8 3 SR GRRCR . A SCB T 2%
il BRI S R SR RN 240 AL 2l
3.3.1  JERBHR
SERAE R VR T BRI ST 2% ) B Ak H AR
AARBARTRE, K E TUIGRa— L. % iEE)
S N S EA IR A T RE Y IR R iR AL 715
P, PR ARl r, FARAS S SN e B ™
r,=—(&Ad +€,A0 +£,07) (11)
O, a NG £ & (& N HERIAE il 4% 742 1 YA
AL AR RBCE , It B s %A i, A
F 3 38T DRL 42 il o 72 0 0 PR bt 45 /)N B B8 4R
2, I E=8 .&=2 .&=1,
SR 4 53 AT TR 5 FR

-0.2
-0.4
-0.6 .,
_08 —
-1.0 &=
-12 ¥
_14 =
-1.6 m
-1.8
-2.0
22

E5  ERRA oA
332 4kl
R R A B 0 ()8, B 1 e A 2 2 G
20234 £H3H

FEREFT OB, AR SCE 2 9 i (Reward
Shaping) A AR T H A0 AE 22 il . an &l 6 Frs , Hoar oy
TR IR AR RN S Bl

I B% %% /m
0.1 1 10 100
-10° T : 0
I -2
-10° J S I 1-4
B\ — e ~ -6 5
W0 L - i ~. g £
iR - - TR | §
5 ¢ 110 ;
R I =
-10° + I -12 18
. 114
~10° b ! 4-16
b/ cccccccccccccccccccaaaa | I
" ) h ! | h N ) -18
0 100 200 300 400 500 600 700 800 900
] A

K6 ZHikAnh kgl
TR AT DU R BEAARAE U L B AT e
FEEGOR S, P AR GR B — I RE . R R 22
R, B REAARAS (4 3o AR /) 5 S P B 52 22 M 4T 50 m
B, 48 TR ReAR /N S R R DT I R 26 0k | i AR 2
Jilh 1, iR R R
0,|Ad| <0.lm
-500,0.1 m<|Ad|<0.5m
-1000,0.5m<|Ad|<5m
-2000,5m<|Ad|<10m
-200|Ad[,10 m <|Ad|<50m
-2 000 000,50 m < |Ad|
LA r AR R BT 1k 3245 5 H bR 4 K A hlf
H= A TP R A RN 2R R R
r=—2 000 000 (13)
SE AL r VR R R AR HER BRI S8 B M AT 1 3 7
U5 o S FE 4L — 5 (900N RHH 2R ), r.=0,
Y F 45 HFRAERAERIASS0 m FENGL A
r.=—20 000X(900-F) (14)
K b — 2RI G O 20k iR 25
333 AR
TEN Rt R, B IS N AT S5 i PR RE LR R 38
Z , HOIR A Z H] ) 22 308K, 7T Re (A5 s AR I 26 2
BUBALRZ, B 2 MR g, R R, ik
HoiX — G, A SCHE Y Zhaed B o6 2 3 4 Ry
fHTRE AR A 4 X B8 e /)N, AT 28 D 4% 1) )1 2
TR, I, SR Sl r Dy
r=x(rvtrrtr,) (15)

3.4 ZIEIREHLE
ARSCHR N BB T B A, 5| AR R ATl
— 29 —



AN, A5 - e TSR B PR SR O AP B

AR IR 5 IR 28 B AL I 2R B0 5508 , Db BE AL BN
e AEA TNl TR 4% . L5071 A B
ARG X DU TC B (s.a,s.0,r) , BV BEAR S5 305542 1 7=
A YT AR BARZS YR A BIPE R — Iz Ak
FRPRAS T 1 HiF ™26 1 22l A

TG 255 ML b, BB VI ZR I AT, 250 5%
AE U2 BT O AR B A AR AN S | S 3R At
N B ) LU RS AR ZR A RCR AR 22 0 BT X —
[P, AR SCHRE Y — OB I REAR I 282X, B4 BR 22 50 2%
FE AR N AR R I SR B, B A L
K, IR B g in . BB IR

a. JEXBWGAFMWIRKE E Cono

b, YIZRRE A ) 2 S B B i A et

c. ML CHERA 0.01C,..<C < 0.1C,.. I, &
HE T 100 2B A , VIZRZE B 20 YR BB/ Mt i RAT
KK @ B ;25 0.1C,.<C < C,.I , FEHE 11 100 4387
B VIR e 30 Yk H AR /IMILEERFER /IR @ 1
B 5 Y C=Cn, RIIA BN RS I, BEHEAT 100/~ ]
IR REAAR 40 IR HLAF /ML ISR FE RN 0 1%L
i

4 hESHSH

4.1 lgFH=iET

A i Python 5 LGSVL F 302 35 ELAS M1 71
SUEN S AT M IS 2 A4 i 5k 0
BRI REE AR SHEN SRl 5 557 S80I
HIHOE T IR S A RBCRSE B . Bty
SAT=3 s =10 " JFEET, FEE S HER L
i BHAGES R3S m N — K HIE LATR ., B4
EARAHBLL 10 m/s BRI AR T BEA T8, 5 22 A 00 IR s
10m. HFREATH TR 7 fis .

301

izo . . 460 ,
0 100 200 300 400 500
R /m

K7 HEfsdA7s T
4.2 DRL#E#|%k
BRI 25 A Windows 10 34 4E R G0 F #E4T, WAEHN
64 GB, AbHLZ5 4 Intel [l 45 i7-8700K, & K 7 NVIDIA
GeForce RTX 2080 Ti, F| ¥ 8“7 2 HESE PyTorch,
— 30 —

AR 1 1 S BON N ZRCR B 520 < 41K 1y
PRI 23l y B R LR A I ZRA R y e
/B A 2 R 5 R R @ O, I B R L
1o, (L ik 224 (i 2 ) 2 P2 AR A i G , AT TG 1 1
SRt L i MR R 45 2 o R L R, TR HE T A ]
SRR R, SR 2R TC IS, Lid /)N, 2%
SHRBAIE T NG, SRR 2 W4 A B R AR
L2 GRAE:, #hE BIU BILES AR 1 IR

®1 HEBSY

HBSE A HBSEL BE
T2 2%
PronH -y 0.995 ogepe) 0.000 1
LR Y 0.02 | WIATEE ZEla, | 0.2
it KD @ 32 h4a R A Fy | 0.000 1
ZERGRAT IR K
o 100 000
B o

8 At Ml Bl AR 4 3, i K 8 iT LU
Y, S52R FAR R 25 BR800 BT DDPG i ACC AR L,
AR SCHE H BB T SAC AGF i BB B A5 i e s 2 I AR T
BUS B i) A8 e, E BN Ry AR SCRA R
BEALYE SR , 7E I S B R R 2T 7843, v] Az~ 3|
A FIRAS TREME: | BT LA it i 2 A0 sl R )N Zist ) s
£ s DDPG B3R FH A PR TR , X IR IR R AL, B
fiesr > B AR ms , DR e Rt s 3] et 2 20l
O -
-2.5
-5.0
-7.5
-10.0
-12.5
-15.0

-17.5

2007 —sac
— DDPG
_22.5 L J

0 100 200 300 400
Il 4

8  DRLAEEII 45

4.3 FREMNRIZEHERIE

SRIRSAEAR SO AR E R e , B 3 KA
Bl s i B ARk GRG0 a7
PiEEE, oE 45 HARERIRIIRTEES 4 250 m, F7
B A 30 m/s, X R I 30 115 ks
S, BRI TR RS R 222 4 M
S4510.8 m 0.3 m/s BIRAAIAE] F & AT RS
43.1 Hin%E#IEG 5

1E BAR G kb, 4200 0 AR B A

"o R

Sl {Ex 100




e e KR e

R T AT i D5

Y5t B B AKGE 30 km/h 5 35 5 3 60 km/h (1) T804 7
B, & 9 Firosh BAR R RS B F 4R L
MAE 9 Hra] LI Hi, SAC F DDPG 4 i 5 # R B T8
TSR R B TR 2 | R A /N R 2 A s i SR, LA
bl S P A K o TV & S 1KV ST Wb VS N e
ZENUARTR A 30 ke/h ) THLF {8 FH SAC F1 DDPG F5 ]
A () B e S E 43 1)K 24.705 4 m/s F126.040 3 m/s; 7F
FHATEEHEE A 60 km/h () THL R 4 SAC I DDPG
A () B et 43 1A 26.064 9 m/s F127.129 2 m/s.,
2F0 TR SAC 1% 5 DDPG AR M 55t 5 180 43 1| F
T 5.13%F113.92% , SAC ¥ il ik 70 3 B 2 Ak 3K
DDPG A rfe & o

——SAC 30 km/h
= = +SAC 60 km/h
—-= DDPG 30 km/h
----- DDPG 60 km/h

i s ! 1

300 400 500 600 700

0 100 200

[

(a) PR g2
- 0
W5
£ -10
i’}& -15 ——SAC 30 km/h
E =20 I\ = = “SAC 60 km/h
= -25 —-= DDPG 30 km/h

----- DDPG 60 km/h
. N i

=30 * '
0 100 200 300 400 500 600 700
a5
(b) D2
——SAC 30 km/h
= = -SAC 60 km/h
=-= DDPG 30 km/h
“““ DDPG 60 km/h

0 100 200 300 400 500 600 700
Fisf ) 25

(c)
Ko  EFRAH IR T BRI

432 HErEMKE 5

FE BRI S e b, 32460 S LAT) G A
Gy 5 B S AR 80 km/h 5 fi 5y 38 120 km/h 1Y T 4047
3, BAR 4L 30 km/h (AT, A& 10 7Ry AR
AR B ERRAS I, WE 1ol LU L 7E
FHRIUGE R 80 km/h 1) T T, #4h 1B A 3 fie
1575 30 m/s, DRI SAC FI DDPG #58  BvL R B T 48
o A 447 T SRS 5 7 3 AR R Ry 120 km/h 1Y
TR, 0 R 3 e v PR 2 s o R AR
SeH B de e AR B DR e R ST R TR IR
/NI 12, Hod DDPG 45 il Bk Fs e i 7 i 51 2R

20234F 53

117 AN B2 I 8, SAC 458 il 3503k DR die v 2l 381 56
29 A (125 S Ul , Ji5 2 PR e e 2 T o [ B, L
B EUAHE A, I, 1% SAC il kA
I F DDPG SR I 2 B LR (42 i s

—— SAC 80 km/h
£ - = “SAC 120 km/h
ST —-= DDPG 80 km/h
jﬁ ----- DDPG 120 km/h
R
=
% =
0 100 200 300 400 500
PR
(a) B B2
B 0
7 -5
£ -10
:EHS -15 —SAC 80 km/h
finy - - “SAC 120 km/h
=20 —-= DDPG 80 km/h
S e DDPG 120 km/h
0 100 200 300 400 500
st ] 25
(b) H IR 2
3 —— SAC 80 km/h
o 30 s - - -SAC 120 km/h
‘" 25 ANNN —-= DDPG 80 km/h
E 20 X DDPC 120 ki/h
a3y N
= N
) 15 T
100 200 300 400 500
A a2
()R

B0 EAREARERY 5T BRI

433 HIrEWE 5

FE H bR 08 5, £ 4L 120 km/h (59 9) 8
JEFT, HARZE L 70 k/h BRI HREE I 2 m/s® )5
T8, Qi 1a Jrs , SAC ¥ il 553k 0 B 5 158 22 i i
3 DDPG 48 il 33k K, 32 B2 LA Sy SAC 94 il 530 1 76 R
e o R 1) T R I S 5 2 R e 4 R R AR 22
X5 2 pR AR R RO G TR 11 IR
2% 2R H U 15 TR WK 9 R A LGSVIL A B AR AR TE vk
BEE HAR 451G AT 3, PRI A R X7 ek it A A 7
2251 o W 11e FrR , 2 i 5803 08 SR IOk 17 4% i 5
W, H T T2 AR R R e T g e R, R O 2 e o 5
T ABAE AT LAY ] A 85 3 R 0/ 380 e v ek, G
H DDPG 45 il 587k 2 PR fi ey 4 A 7 38k — B o] [ 0
R EN R IR A T SAC F il 55k 4k il o S S5 3 B
434 FEEHERS T

FE3 R R S A TR 0 T RE B R 25, 2 F R
T WA B 2 R D 2 O T % Ik i) R AR A ] 5 i %o T o

_31_



AN, A5 - e TSR B PR SR O AP B

PR2E, N3 2 7R, SAC #55 ill B R A e F DDPG Uk 8 = 5
FEARZSFT RO ] 20 58 T 19.02%,22.32% ,13.20% |
16.97% .19.64% , B B 255 1 F 18 W AT A4 I R0R

50
£ 40 f\
4 30
K 20
T
= 0

-10

0 100 200 300 400 500
IhHE

(a) BEBS IR ZE

0 100 200 300 400 500
s ] 2

(b) PR IE

. .
100 200 300 400 500
A ]

(o) %
Bl BbR it T E R aeRaEsih 4
R2 AEH=ETEEREWSZERERSH AR E L

- iﬁ”ﬁ; i Hsf e A
/km-h SAC DDPG

A 30 464 573
AR 1k

60 421 542

- 80 388 447
HAbRGAGE

120 362 436

H AR ZEDdHE 120 401 499

S A, whh BE sk 8 o it 8] () — B S 550 [ e 1
ZERHAEAT IR FR v bl e A B Sl A R
AT DAAE Ay 9fe Als &7 35 1 i Al it 4R A . ANER 3 T, SAC
2 Tk 1 e B (4 %0 {8 B9 2 {28 DDPG 43 51l sk /)
T 25.20% .18.77% .23.92% .4.98% . 46.22% , fx {H 73 Bl 6k
INT 57.09% .46.83% .75.20% . 38.35% . 57.07% , i T4
ATl BT PR, e 1 ofe o A A BT IS P

AT B ERAT AR ), A SCRE RS 58 BUbR I ik
Yrse 5 BIE , 5 DDPG 45 B A1 Lo HLA T4 Ak
JiE 2 A bE AR RIBOR M AL FF A8 M, I 255 5 A ) A
BHATEI Iz RE

— 32 —

R3 TREBRTEEHEE (EXHE)BWENSKE

N iR RE (Xt | bl (Laxt
e FEVE | ) B /mes? | )l /mes”
o BE/km-h

SAC | DDPG | SAC | DDPG

B 30 9.73 | 13.01 | 62.57 | 145.80
HAR 4L

60 10.59 | 13.04 | 73.87 | 138.92

B 80 12.00 | 15.77 | 48.45 | 195.31
HAR A

120 13.52 | 14.23 | 149.21 | 242.01

AR 40 120 14.15 | 2632 | 110.32 | 256.98

5 FTHERW

RIS AR ST A AL B AR R 1) S R
TR ISR Qe 12 B 7 N T 3 B X I i — 2
JE&24 600 m AT ELE _FHFF ARG, s 13 PR,
RIS A H ARG 280 4 . 10 3 4 ol e
4l SR G A R PO G TR AR H AR 41
AEXTEE BRI , 1 PR SAL AR A S B {5 2

()% F 4 (b)iX I
K13 R E R RR

RIS, R I S Bk S S R,
5 BRI s AL . BAR T : EES5H
PR B A LS 2D, B bR e B2 b 53 %) 725 Bk > 1% DA
IEANE ] 40 km/h, A2 B BT FEA TR

] 14 JroR R S 40 4R I e, ] 14a &
14b ]l LI, (8 SAC #5505 i B B iR 22 e 2t
A5 B B M R 5 T LA 4 /N B S mo Py T 4
DDPG $4 il 575 1) B 85 158 2 R 1R e ) 4, L I A e
KR 22 it 30 mo 1 14c, [ 14d 0] LAFR Y, i 1)
DDPG 4 il 337 Bl 3k 3 i3 2 0 sl A K, R 3k 6 ms,
5 FH SAC 45 i 38075 T DA GRFE T /N 0 B 3 2 . 1]
14g [&] 14h v i T SAC ¥ B30k 1 oo B (6 %) W

"o R



AN, A5 - e TSR B PR SR O AP B

B/NT DDPG, fEFR AR MG RO ETE  7Ese i,
BIRAFAESR BAL IR TN F A, O G TR B DG S O,
B SACHE TR B 1l 35 RS 22 BB RE
HBEREE FAR A AT, A8 4 AR R R AR .

40
30
20
10

0

%% /m

0 5 100 15 20 25 30 35
Fif /s
(a)SAC- 1R %

BRI /m

0 5 10 15 20 25 30
A ) /s
(b)DDPG-HE iR 22

5 10 15 20 25 30 35
A )/
(¢)SAC-H iR

0 5 10 15 20 25 30

Aif ) /s
(d)DDPG-HE Fix 22
12
10
T;n 8
E 6
=y
H o,
0 5 10 15 20 25 30 35
A1) /s
(e)SAC-ii i
12
10
T:L 8
£ 6
oy
B 2
0 5 10 15 20 25 30

I [E)/s
(f)DDPG—#
20234F 253

301

7 20

10 _ i

o—AWWWMWWWM¢MMM*

-10 ' ;

=20
=30

0

R /m s

5 10 15 20 25 30 35
s ) /s

(g)SAC-mpil; g

Wi /mes™

0 5 10 15 20 25 30
NS
(h)DDPG-iif: i

B 14 856 4Rk
6 ZERIE

ARSCHETE T DRLFEAE A 3 R8T il AR i
IO IRD R, it —F e T SAC i B . B 205 1 3k
AT 27 ) I R FA Ry B 2R ] RIS AR M e
GRMIE 5% [ 284005 S (B BRI RN S 1 SR eR K5 5 A
T IR R BOSCER RE IR ORI s M A AL il
PR, G TR REIR 27 ST RCRABOR | i Tk T
Gt F [R]85 i ) — B AR A N A X - IR 0 G2 A7
M AR/ INRE BT RN R RS, T LA — B4R A Y
A,

RIRZE R R, A LT DDPG 5 i 53, A8 ST
Hh A SRA BE LU o P R A NV B R 22, Honpil 2
(2 X (B TE /N, S 3d PE AL P T FESE 4 BT R
PR o FEJSERIDTTE T KT RS2 A v i gt — 20
K30 P i 2 MR, O 25 I AR B B ) P[] 422
55 F 3072 37 5 DRL ][] &L

2 % X M

[1] GUANETTI J, KIM Y, BORRELLI F. Control of Connected
and Automated Vehicles: State of the Art and Future
Challenges[J]. Annual Reviews in Control, 2018, 45: 18-40.

[2] ROt dksEtE, XIIKE, 55 VR4 A G KA i R Gewt
FEHR G K (D). [ TR 4 (A SRR R,
2017, 45(4): 544-553.
WU G Q, ZHANG L X, LIU Z Y, et al. Research Status and
Development Trend of Vehicle Adaptive Cruise Control
Systems[J]. Journal of Tongji University (Natural Science),
2017, 45(4): 544-553.

[3] MNIH V, KAVUKCUOGLU K, SILVER D, et al. Human—

Level Control Through Deep Reinforcement Learning[]].
— 33 —



AN, A5 - e TSR B PR SR O AP B

Nature, 2015, 518: 529-533.

[4] XA, Bfsh, AR BE, 55 SRR ) SR S AL
FRIMEAY 2 RE (1], FhBIe 5 M H, 2016, 33(6): 701-717.
ZHAO D B, SHAO K, ZHU Y H, et al. Review of Deep
Reinforcement  Learning and  Discussions on  the
Development of Computer Go[J]. Control Theory &
Applications, 2016, 33(6): 701-717.

[5] X4, B, BRI, 45 SRR ) £, AL
4%, 2018, 41(1): 1-27.

LIU Q, ZHAI J W, ZHANG Z Z, et al. A Survey on Deep
Reinforcement Learning|J]. Chinese Journal of Computers,
2018, 41(1): 1-27.

[6] YOU C X, LU J B, FILEV D, et al. Advanced Planning for
Autonomous Vehicles Using Reinforcement Learning and
Deep Inverse Reinforcement Learning[J]. Robotics and
Autonomous Systems, 2018, 114: 1-18.

[71 ZHOU X Y, WU P, ZHANG H F, et al. Learn to Navigate:
Cooperative Path Planning for Unmanned Surface Vehicles
Using Deep Reinforcement Learning[J]. IEEE Access, 2019,
7: 165262-165278.

[8] WASALA A, BYRNE D, MIESBAUER P, et al. Trajectory
Based Lateral Control: A Reinforcement Learning Case Study
[J]. Engineering Applications of Artificial Intelligence, 2020,
94.

[9] FEHER A, ARADI S, BECSI T, et al. Proving Ground Test
of a DDPG- Based Vehicle Trajectory Planner{C]/ 2020
European Control Conference (ECC). St. Petersburg: IEEE,
2020: 332-337.

[10] LI G Q, GORGES D. Ecological Adaptive Cruise Control

for Vehicles with Step— Gear Transmission Based on

Reinforcement  Learning[J]. IEEE  Transactions on

Intelligent Transportation Systems, 2019, 21(11): 4895-
4905.

[11] GAO W N, GAO J Q, OZBAY K, et al. Reinforcement—
Learning— Based Cooperative Adaptive Cruise Control of
Buses in the Lincoln Tunnel Corridor with Time— Varying
Topology[J].  IEEE
Transportation Systems, 2019, 20(10): 3796-3805.

[I2] FU Y C, LI C L, YU R, et al. A Decision—Making Strategy

for Vehicle Autonomous Braking in Emergency via Deep

Transactions  on  Intelligent

Reinforcement  Learning[J]. IEEE  Transactions on

Vehicular Technology, 2020, 69(6): 5876-5888.
[13] QIAN L L, XU X, ZENG Y J, et al. Deep, Consistent

- 34 -

Behavioral Decision Making with Planning Features for
Autonomous Vehicles[J]. Electronics, 2019, 8(12).

[14] LIU J, ZHAO L, ZHENG K, et al. A Distributed Driving
Decision Scheme Based on Reinforcement Learning for
Autonomous  Driving Vehicles|C]// 2020 IEEE 91st
Vehicular Technology Conference (VTC2020- Spring).
Antwerp: IEEE, 2020: 1-5.

[15] HE X K, FEI C, LIU Y L, et al. Multi- Objective
Longitudinal Decision— Making for Autonomous Electric
Vehicle: A Entropy— Constrained Reinforcement Learning
Approach[C)// 2020 IEEE 23rd International Conference
on Intelligent Transportation Systems (ITSC). Rhodes:
IEEE, 2020: 1-6.

[16] XU, 2T 2 HARPR S IL AN PID £ i) CACC RELHY
PEAL S 05 E D). KA R, 2016.

LIU L. Optimization and Simulation of CACC System
Based on Multi Objective Decision Algorithm and PID
Control[D]. Changchun: Jilin University, 2016.

[17]) HAARNOJA T, TANG H, ABBEEL P, et al. Reinforcement

Learning  with Deep Energy— Based Policies[C]/

International Conference on Machine Learning. Sydney:

PMLR, 2017: 1352-1361.

HAARNOJA T, ZHOU A, ABBEEL P, et al. Soft Actor—

Critic: Off=Policy Maximum Entropy Deep Reinforcement

(18

—_

Learning with a Stochastic Actor{C]/ International
Conference on Machine Learning. PMLR, 2018: 1861-
1870.

[19] 2T+, T, 2% oo, 2. MPC S Rl AR AL BE K A

B ACC R[] #5 AR R 2  CA AR B ShiD),
2010, 50(5): 645-648.
LI S B, WANG J Q, LI K Q, et al. Processing of MPC
Practical Problems and Its Application to Vehicular
Adaptive Cruise Control Systems[]]. Journal of Tsinghua
University (Science and Technology), 2010, 50(5): 645-
648.

[20] NG A Y, HARADA D, RUSSELL S. Policy Invariance
under Reward Transformations: Theory and Application to
Reward  Shaping[C]//  Proceedings of the Sixteenth
International Conference on Machine Learning. ICML,
1999: 278-287.

(DifEdmit  f B
PR H 91 20224E 7 H 15 H o

nOoE R



