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Trajectory planning for autonomous driving: a survey

Li Chengxiang, Hu Haixiao, Guo Dabo", Cheng Rongmin, Wu Hongkun, Yuan Chang
School of Information and Intelligent Engineering , University of Sanya, Sanya 572000, China

Abstract: Autonomous driving technology represents a cornerstone of innovation within the transportation sector, with the
potential to dramatically enhance the safety and efficiency of transportation systems on a global scale. This technological
advancement has received substantial policy backing from numerous governments worldwide, while the automotive industry
has significantly ramped up its commitment to research and development efforts, concurrently initiating processes aimed at
establishing standardized protocols for autonomous vehicles. Autonomous driving is highly complex, encompassing a vast
array of interdisciplinary fields and technological nuances. This work summarizes the most recent and cutting-edge findings
in autonomous driving trajectory planning, including traditional algorithmic approaches, reinforcement learning methodolo-
gies, and imitation learning methodologies, to systematically collate, dissect, and synthesize the relevant academic litera-

ture, providing a comprehensive overview of the current state and future directions of this field. First, this paper provides
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an in-depth examination of the two most widely recognized frameworks for autonomous driving: the modular framework and
the end-to-end framework. Additionally, it acknowledges the existence and relevance of other, less commonly utilized but
no less classical frameworks, offering a nuanced analysis of their respective strengths and weaknesses. This analysis
focuses on the practical implementation of trajectory planning within these frameworks, with a particular emphasis on iden-
tifying potential areas for future enhancement and optimization within each framework ’s architecture. Afterward, the paper
presents a detailed survey of traditional planning algorithms that are currently employed in autonomous driving trajectory
planning. The survey is meticulously organized, categorizing and summarizing the state-of-the-art traditional algorithms at
the forefront of trajectory planning research. The algorithms under consideration include graph-based search methodolo-
gies, rule-based local planning approaches, intelligent optimization techniques, static and dynamic sampling methods,
artificial potential field-based algorithms, and various model control strategies, among others. The paper provides a thor-
ough synthesis of the application domains, advantages, and limitations of these algorithms while also highlighting the inno-
vative optimization strategies and emerging trends that have been proposed by the academic community. Building upon this
foundation, the paper introduces the concept of hybrid traditional algorithms, which combine local planning algorithms
with global planning algorithms or integrate multiple local and global algorithms to create new and potentially more effective
trajectory planning methods. The paper engages in speculative analysis regarding the future trends and directions of these
hybrid traditional algorithms and discusses how such algorithms can address the deficiencies of traditional approaches.
Moreover, the paper scrutinizes the impact and effectiveness of these hybrid algorithms on the path planning capabilities of
autonomous driving systems. The paper concludes this section by delineating the problems and limitations that are associ-
ated with hybrid traditional trajectory algorithms. Evidently, individual traditional trajectory planning algorithms and their
hybrid counterparts have numerous issues and shortcomings that need to be considered carefully. In response to these chal-
lenges, the paper focuses on the integration of novel reinforcement learning algorithms as a means to overcome the limita-
tions of traditional trajectory planning methods. These reinforcement learning algorithms, which include value-based,
policy-based, and actor-critic-based approaches, are classified, explored, and summarized. This paper discusses the
operational principles, application domains, advantages, and disadvantages of each reinforcement learning algorithm in
detail, supported by the research findings and scholarly contributions in the field. The paper’s focus then shifts to the criti-
cal aspects of reinforcement learning in the context of autonomous driving, such as efficiency, safety, and function optimi-
zation. It addresses the difficulties encountered by existing reinforcement learning techniques and presents innovative solu-
tions proposed by scholars to tackle core issues such as the security and sample efficiency of reinforcement learning algo-
rithms. These solutions include the establishment of virtual simulation driving platforms, the application of imitation learn-
ing algorithms, lifelong learning techniques, hierarchical learning methods, and multi-agent reinforcement learning algo-
rithms. Also, this paper introduces a reinforcement learning approach based on the world model and summarizes the latest
progress, along with the latest research progress of VLM and VLA and the role of reinforcement learning. This paper also
provides a comprehensive evaluation of popular virtual simulation platforms, assessing their suitability for research in
autonomous driving on the basis of 12 metrics: scenario building, vehicle dynamics, sensor models, traffic participants,
weather and time simulation, data logging, API interfaces, realism and performance, scalability, community support, gym
interface compatibility, and support for multi-agent reinforcement learning. The paper synthesizes the research applica-
tions and distinctive features of these platforms, offering a valuable resource for researchers selecting appropriate simula-
tion environments for their work. Furthermore, the paper studies the application of imitation learning techniques in autono-
mous driving, including inverse reinforcement learning, behavioral cloning, and generative imitation learning, along with
optimization strategies proposed by the academic community. It explores how these techniques can refine reinforcement
learning policy networks, enhancing the sample efficiency and optimality of the learning strategies. This paper also intro-
duces the VLA method based on the diffusion model, which is currently popular. On the basis of traditional imitation learn-
ing, more novel directions such as online imitation learning, self-imitation learning, state-only imitation learning, multi-
agent imitation learning, generative imitation learning, and meta-imitation learning are also expounded. In the final sec-
tions of the paper, the authors critically analyze the current limitations and future development trends of reinforcement

learning algorithms and imitation learning algorithms in autonomous driving. Finally, the future research directions and
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challenges are elaborated, including the VLA framework based on pre-trained VLM, the diffusion model combined with

reinforcement learning, and the reinforcement learning based on the world model. In this regard, a detailed analysis of the
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causes was conducted, and the pain points of the above three research directions were identified: the pain points of the
world model (virtual to reality) , the pain points of VLA architecture (data requirements), and the pain points of the diffu-

sion model (computing power bottleneck ). Other papers were reviewed to provide ideas and directions for solving these

pain points. In conclusion, this paper offers a comprehensive overview of the trajectory planning algorithms in autonomous

driving, synthesizing the development trends and challenges of traditional algorithms, reinforcement learning methods, and

0

imitation learning algorithms. It aims to provide future researchers with a solid foundation for understanding the current

i1

state of the art, as well as a roadmap for future research directions in the field of autonomous driving technology. This paper
also emphasizes the need for interdisciplinary collaboration and the integration of diverse methodologies to advance the state

of autonomous driving systems and ensure their safe, efficient, and widespread adoption in the transportation sector.

Key words: autonomous driving; trajectory planning; traditional programming algorithms; reinforcement learning (RL) ;
imitation learning(1L) ; visual language action model ; diffusion model (DM ) ; world model
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ook R P A R R K AR Oy T S SO R R

#4 ETFRRTHFARRT* WEZX
Table 4 Algorithms based on RRT and RRT*

FEE g L SR R
RRT i 7 B —
Goal-bias RRT i & B L2y
Bi-RRT 2 w B B
RRT-Connect 2 7 L3¢ —
Extend RRT 7 b LSS LEg

FiEB g LR R
Local-tree-RRT 75 & LIS B
Dynamic RRT 7 b LSS B
RRT* 7 2 LSS B
B-RRT* 2 = L8 g
D-RRT* 7 = B B

Bounded-DWA J5 7% 34 Ackermann iz g = 2 41, il
P2 S DWA SRAEG FEE L, 4 /N AR ] R A
FEN SN A GV Y = SR S S TS I
FDWA H A fiff e 2280 Re A4 U W] 32 2 114 552 I % 2 0
R Te) & i BE 7 L BEE AL W4 2 19 37 5t vh i st
YRR, 2 — B AT RO 3 2 B0 R Y e B
25, BESE BT HEATACE S04, o X T A ik
A2 AT AR S B s

x5 ETHTEOENER

Table 5 Algorithms based on dynamic window

RPN Lisidnka fife P ) st
DWA* AR A IR TN EREE 5 Bk # fe e A i e B T P 3 1 P A A
FDWA S A AL Z2 8 RV [ Bl A S N 2 LA )

Bounded-DWA P2 155 GRS S DWA [550%

Improved-DWA

FUVFAE AT B R A8 T B U A

P e AR LR R BT - iz 32 29 R
AT Bl A P A A B N A A e )

2.2.5 FTIooH kAR

LA A AL R PR A LA I Y — 2 3 ]
SR o G R SR AR 3 e e A R TR A i 2 [ v
TR A e DA o 1 4 SR AR R R
iy, T LAk 5 AR R AL , AN B IR RIS
15 H 325 Bl b AR RS - 1) 5 T BEAL L
RS A Sk 2 RS 45 5 2) SE T REIR R
RERYS I R T HESEIE (BRI OIR G vk i £y

BVRAE3) BT Y G n Bk  BLR K 51 18
RIE . oo ARk A T aE (R BAE O AE
AL Ge 51k IS THAE B AR ROR , (HA I ml L
o A AR A . WA RRIRE 2R
w2 RR R AR 1R B AR B S
T 5 HAWTTIE LG AU MR AT A
5 4&”&@7@%& IE /0 53 AT TR M 3 A4 ) 7 g

TSR AR 4R T, —SE I BAX T o0



$31% /5% 34] /2026 £ 3 A

=12/, $BE, BRK, BRE, REW, ®Y
B E R K R ik

KRR A S S b iz R 12, i i
S 398 R HEAT i MRk B ) A 32 B e A AL R
(K Z [ 45, 2020) 5 A1) FH - 58 £ 12 A 59 3% 9 0
N ZE A FLA) B 1 (TR A AL S AT, 2021) 5 T
PRAE A2 H bR a0 & b Az S 42 7 1 HLIC R
f# DL K Ait-Saadi 55 A (2022) 42 Y H TR b
Aquila 5 SA (simulated annealing ) (¥ i £t 75 7% CAO-
SA (chaos-simulated annealing) . %t X% #1758 £ 1

FR I ]G A T A, X A5 N (2023 ) it —Fh sk gk SA
1) it £ £ £k 557 TWOA-SA (improves the whale opti-
mization algorithm with simulated annealing) Fl H &
AL K ACSRE S, R 7 1R 580 B A SR B e G s A
VAT A 22350 RS $PLIR K Bk R AT 00 H AR AR A Y i
A (R 45,2025) . K6 Fm NItk
ANBEIEM TR, Bgs T b 5 3] i J LA AL Y

®6 ETRREXEESN

Table 6 Analysis based on meta—heuristic algorithms

AR EE%oF ) Bleidnka
2 SGPIEE G A 0 S A S s A ) 22 114 ) R UG48 R sk B e )
BT Al £ BT 42 SR PR A R R P8 ) Rt ISP AR E AL HL ]
IWOA-SA X Jry P B AR 1 I A H5A SAFIIWOA Fok R 36 WA T
CAO-SA BRSPS TE ) FH A Y ] 55 R TE Aquila Ak 5 SA AL %
ST HLIER k T 8 ) XS L A A ) R BE TSR B AN A 1 A A A

2.3 BEEZEMEAREDR

MR I BT ASHER SR — SR TR
SEHT LRI % R, R B T R 2 BN R IR
S WS € RS LRy b M RS D £ B B U R
FHES G BENS WL I FP A A A
2.3.1 ¥R A* IR A HLRI Y

XL 1) A% FH 4 JR) A2 BT DW A A SRy Ry i
% A2 B0 0] s 1 R XA 1 (X 55, 2024) 5 78 A* il
DWA JEfifi F i Ak s 4R (jump point search, JPS)
1 JBS-A*B (jump point search-A* with b-spline
smoothing) 5-7% (Dang F1 Tan, 2024 ) ; 45 & ik A* &
15 1 APF (artificial potential field) %) % 45 #i K1) 58 9%
(Yang 55 ,2024) ; A* 12+ HAr N TG A5
AL B (Sang 45, 2021) ; LA K FF Hybrid A* 47 i
| 344k R, 9 3D 2% & 29 )X Hybrid A* (1) 3D-
Hybrid A* 53 (Zhang %,2024) .
2.3.2 ¥ M Dijkstra BTRA MR 95512

H1 Dijkstra F i 42 J5) B 42 B . DWA 184 H s
HB AR LR A TR A L B 592 DW A-Dijkstra (Liu
2E,2021) 5 Ait 558 A (2023) 48 H —Floks A* 1) & 2
PREUEAELY] Dijkstra BIEAHZE G BITR A 57k Dijkstra-
A R SR MU A5 142 B3 5 - 119 Dijkstra-RRT 55
2R RRT B3R 40 /NALR0 DX 38, 4 /NI X e
(18 B A28 R R T 2P A Sy L3 ) AL, 422 25 1) Dijkestra

BAVE i D TR 1) B (Chen %5, 2022) 3 3T Dijkstra 54
121 Lyapunov 4% il 22 2 1Y Dijkstra-LbCS (Dijkstra-
Laypunov based control system) . 3% (Parkash %5 |
2024) TEARUESE B T o R AR -8 07 58 100 T) P it O
TR E P 45 A TR CHH MR Dijkstra H R AR
i £ B &l 35 Dijkstra-CDT (Dijkstra-convex dissec-
tion topolpgy ) v (Liu 25,2023 ) 18 1 154 — 4 it 45
i 223 ] v DA —A B BT A At A Y 4 R e 0 %
e, 3 7 S B AR g 0 AR [T 8 s s ) 4 Sy e
AR
2.3.3 W APF IR AL 0 5k

HH APF 4 it 4> Ja) JL %] JF 6 1] MPC (model pre-
dictive control) Y A3z a1 B30 4 B A9 TR & 3% (Zuo
85,2019) ; s 2 F 2725 B R 2R Bl A8 AR S HLE LK)
(dynamic lane trajectory planning, DLTP) (2 H b5
SRR H A FE T2k APF FI RRT 4387 %1 DLTP J7 v
(Zhao 55 ,2025) 5 1 T &8 73 ADULIN B 7% AT 5 e 5k
& (partially observable Markov decision process,
POMDP) ) APF J& AL A B 0] 5 W 5 — ol 37 531 114)
LT Bl AR 0 AE B APF /Y A 328 3R 42 52t
FEAE IR vk (L5, 2022) 5 Mgt N T38RI TC
N2 B 8 SR e [ R T 2 o 7 B AR ER A R
TS 0 AR TR BN B GBI PP R sR 3, 2022) .
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2.3.4 WX RRTHIRRT*HIR A BRI F%

RRT* 5 APF fif B glA 15575 (Li 55 ,2024) 5 45
G 72 BE A H bR e 5 B FNAPE A RRT 3 58 550 1
(Tao %5 ,2024) ; RRT*-TEB (RRT*-time elastic band)
Sk AR RRTH] T AR 4 R Bk AR e 6 W %
2y F AR BE4T 12 ) 2 2 AT DAk I 1] 351 4 (time
elastic band, TEB) 3 (Yin %5 , 2024) ; il i APF J5
AR B Quick-RRT* S rb, I FT H A5 s 15 |
JIFNBE T B HE R A 3 e R it B b A
T. # 3% IDAPF-QRRT* (improved APF with Quick
RRT") (Liu %%, 2024) 5%
2.3.5 R ACO SAFIGA [HIEA FLAI 12

FT itk 22 wh ¢ H b [a) AR TE 5 B8 333k GA-
A* (genetic algorithm-A") (Beed %, 2020) ; & Ft % 4%
PRI AT S B2 14 T WO E DI A B3k 45 5 BRI 42 T 1)
2 Jey B AR LK) 7% ACO-MPC (ant colony optimization-
model predictive control) (Tao 55 ,2021) ; HLilb ft fL 5
1R A PSO-SA (particle swarm optimization-simulated
annealing) (Lin 5%, 2023) ; Z£4" R BEALR 1) 23 8 rh 5|
A WHEE A (ACO) fdf A1 S g% A2 7 3 e 00 B9 J7 58
ACO-RRT*(Wang 55 ,2024d) .
2.4 REEERLE

HRIBBRIEMSE e TG ke
SEAE DL RO R )L [a) -t (5 5k SE 550 RE S

— — — — — —

A8 T Bh A FRE Y PO AR (R eI AL
SRAEE MR R A RDEE L HA RIRAG 555, B LIVF
29 5 IR AE F S B JPLE R 5 A2 80k
RLUEH A 2 — A Gl I B L& 2% , il
Wt T SOIU B N7 A5 B X TR A8
LI R ASCR 22, T RLAERS I F & N ]
SRR B Sy, AW ) R R, UK B S A
A A B DU F Y o AR B AL RIS R A
W I, BB S IR PR B B (Lo, PR e 22
[R5 & 2R X AR SR i i e
TUKAHUGIE, M RLFIERERS A FARZOREAS W], IFK
ISR AR 2 5 22l R B . A 2
FIE R HL] BT [ A2 SR 4R B
70, AN Z AT S 29K

3 ETRUFEIINHIERL]

3.1 EfisBUEIEE
3.1. 1 giusmfpsz)

H 3l 3k AR R b, R Rk A 2 A I,
— 25 & U0 B A G Ak 2% 3 7 ¥ (model-free RL,
MFRL) , — 28 & A B 38 4k 2% ) 7775 (model- based
RL,MBRL) , H: X Bl 75 T~ 75 75 22 X0 3 5 i 47 1 2K
AL, E4RRT H B gh b i R )

| e | T | BRI ERE AT
| —miesiy | RREIRALR | R I B
| e | T
| o |
| Fad Ta lir; H | | o |
" | LLLLLLL R
| _I_. —_—— L _____
J I __
CRPEESHAE ) S TRRAMEQE U ALE FLL |’_ Bl A ]

: — %54y VAE R RL (7 A 37250 |
|

FA 1) Q My AR

P

— RS ) SEE A ) B A e |

O & =) k=S e D S A ]

Fig. 4 Model-free reinforcement learning in autonomous driving

MFRL JC 75 X} PR 5 47 B, B 45230 1 22 . 2F
> e 19 AR R ms RN BRI B, 3R 1Y) 2 2 B )
FRCRBAR AL 2 = A, A7 ZE AR AL SR )

KR
TR R AL 2] — 538 326 : 1) P Q-learning
1 SARAS (state action reward state action ) A ] , 13X —
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FR N 1 B % i ST A (B R R, OO A (R e KR
Q(s, a) VPARTE s IR R a SR FUY I, Pix
L 3 B i/ B S = R S RS
BUREE 7 S FkIE AR, S AW R e i . &
WP B T R BE s AR A= 2] S5 4 DQN (deep Q net-
work ) (Mnih %5,2013) . 2) LA Reinforce A, iX — %
G A% O S A ST AT AT SR R R il o 5 R R
SEH VAL AW i VERE , H2 5 T T SRR R S ok A
S TR IX — RGN SRR O 4L TR 5305 1R
1T 3k 58w fC 1L (trust region policy optimization,
TRPO) (Schulman % , 2015 ) F13T % 5 W& A1 AL (proxi-
mal policy optimization, PPO) (Schulman %, 2017) &
A LA FE . 3) L SAC(soft actor-critic ) A
], 3 — RINFELEE T R MR R IR AR A
IR BT MBI s actor, T 5T AE BUBIAE ;s critic, T3¢
VAR RS AE . RIEES & T RIS OL ALY 205 A
M EAL T AOARE P, AR 52 2R BRI Pt i s A
Fo o X RN & M AL A3C (asyn-
chronous advantage actor-critic) (Mnih%,2016) .DDPG
(deep deterministic policy gradient) (Lillicrap 55 ,2016) |
TD3 (twin delayed deep deterministic policy gradient)
(Fujimotogfr ,2018) .DSAC-T (distributional soft actor-
critic with three refinements ) (Duan %5 ,2023) %, &5
FisAd T b 3 R R A TR Y it A A > Rk O RE
BREER N R

MBRL 5 22 i 2l 7 57 8 A5 PR A AY X R
75 AT LAS e it A o3 (HR 5 B M L R 45
BEARY 38 A0 T3 E 24 E . MBRLAE 4 AT A5 (14 B
78 VE BCE AR B AL A 55, W Dyna-Q (Peng F1 Wil-
liams, 1993) \MBPO (model-based policy optimization )
(Janner % ,2019) . MuZero (Schrittwieser %, 2020 ) %5
N7
3.1.2 gdgfess ] A S B

IR 3R B & A IR A1
PR R AR PE 5 A S S BRI & AN AT
Z Ry am A ) Bk A A S 3 pis T E 2248
S Hor o — e 2 MU AE R AR 25 5 78 43 H D
75 2% (variational auto-encoders, VAE) fl RL %) 5& {1k 2
) B 2538 (Kendall 55 ,2019) 3£ DDPG (1) [ 3575
B (Wang 55, 2018) \HE T B 2ok 2 19 A sh 2 4k
(Shi %%, 2021) (J& F A5G A2 > Mgtk > 1 A
B0 (Lu %, 2023) , 0 A —LL BB RS 7

Q (A, 3k 1)

¥ .
_’[‘*‘Mi%\*-»]* oy

t ﬁﬁ ,ﬁ% i
g—0 (o

(a) ZETIMEMSEE

(b) FET S B
§ |
(actor %) — 7 (as) ik
nE | — » — w(bs) @ log %L Z‘xl’
—

— 7 (cls)

—
1
critic pJ4% | — O (a,, s) "|
s |— & — 0(a,s)

— Ol(a,s)

~——
(o) B THH —PRIE R E%

K5 32T AR A7 ) Bk

Fig. 5 Three types of model-free reinforcement learning

algorithms ((a) value-based algorithm; (b) policy-based

algorithm; (c) based on the actor-critic algorithm)

], 4 22 % BB A 5% Ak 2% 2 (multi-agent reinforcenent
learning, MARL) B§#2 R ( F 384K 45 ,2019) AL+
S 1) 5 A ) B EE AR LRI (R A 45 ,2021) 0 F34h,
TRIE 5 A2 ) J7 T 250 (X1 4 48, 2018) , Al B4
G X s AL > T B A S SR BHE A TR A
T
3.2 ETHFARARGELES

BEAE A 202 B AR AL 2] 1 R, i SRR AL 1Y
WIS 3] 7 R ek, IF e R s AR AT 55
b B P e ASOR o T SR A 1Y ik Ak o
(world-based RL, WBRL) J& T MBRL, {H J 5 {% &
MBRL i 2 B 2, Dyna-Q F H 3RA& iC SRS —3h
PEFAZFEFE , 1M MBPO JUJ 3 i 4t 22 o 45 Tt~ —{R
A E X RE P 2T 12 A B e 4 0L 0 KR 4R
Google A1 BA 42 H1 1 78 B2 FLXI % 2% PlaNet (deep plan-
ning network ) ] FHIE PR S 25 B (recurrent state
space model , RSSM )R B 15 L &5 415 1 4 i 5 Ay 1%
Yo ] 3 A ER A 25 X 4% (recurrent neural net-
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work , RNN) U AR 255 B8 R4 il 5 J 1) 58 S0
TEVS S (B R B L SR F 51, A 2 20 T, 4%
AR o 3Py A He T MBPO JE72 A 3 i 24 L
BOE B ) 8 . DreamerV1 (Hafner 4 , 2020) M) J&
PlaNet (2 THHEAL , 51T W28 [0 A G R RR BE AL 4
B3 a5 1 R 25 (critic ) TR BE R 2% (actor) FETE %5 1]
TARAAT A SIBR R B e, 1 R i ALk
W A5 5 A% 3 2 R N 4%, B TR S0 A R 1
Wi ME B 7 . DreamerV2 (Hafner 5% , 2021 ) 7£ Dream-
erV1 HYFEAN EANA T 73 248 5 RS il 2
WOR A VAT B B , 1T DreamerV 3 (Hafner 55, 2023)
WBIA T #4554t  KL(Kullback-Leibler) i 47 A |,
PUBDE L BUA TR R, Dreamer 28 9158015 (1 412 H i 45
WBRL iy B H 802 B 5T 7 1) .

WBRLFEH A LRI Al 3 P2 . — 2Bttt
FARERIIK S FLK , F145 - 1) Dreamer F 5138 13 J2 [7] %
& HEARAL AR AL ;2) F T Transformer Y tH AR
RUKG U AR 5324 Token , i FE I 25 40061 LA 50000 #% 4%,
U1 Transformer-XL(Robine 55,2023) . 224
PR, AL 45 < 1) 38 RO R AR R AR S
1 GAIA-1(Bu % ,2021) , Vista(Gao 5 ,2024) ;2) Fl|
HH Transformer ff 15 2% 4= A 4% 25, 41 DrivingGPT
(driving generative pre-trained Transformer) (Chen 4§ ,
2024), eyt B, O B iR A 2T AR
Skt BRI e nw
3.3 BEnBREMTERS
3.3.1 RETE ARG

WU, T R S 2N GRS )1 2
LA 22 AR R b N B T R DL L B PR Y
W& B2 BT — RS I IR S IR Y 4O B
BV, 3 S8 R U7 EL 2 B £ R s TR RHIT A
Sl R M AT AR 1 B0 Bl ) i T A
TR (R, L2 K R 40725 B - 5 AT Y DR, AR S
FE T 12 B BR TN 25 05 FF B AL
& LA E IX S8 R 4P Gl FH AR T 1) o 1) 35
ot 7EF- 5 RS SR B 1Y SRR, A B
A B P R, A 0 A A B A T 5 2) A Bl o
BOHY, AR A T S R AUh R VA 1, 5 S RE RS T S 4
BRI ) Bl AN ) S AT N 5 3) MR AR A Bl
25 i R G50 SRR PR %) S B ZEL A, e A SRR g AR Y
F PR BO 5T N D A B b O B 4) S iE 2
5538 38 T O A Y sl R ) R X 5%

UL RE T 5 5) KA N E] A2 A B ) 5c il 2 53,
PRUEBE S B AT v 2R 6 ) Bl & . 2 A 3h
B hhrh g rh 2 R SR s B R AL
I, AR DA 20 A BE HEA T o0 b AR AR 555 7)
API (application programming interface ) 3% 1 , {F Z1F
DU, SEHR T B 5 45 E A AR e 3L 1]
TF k5 8) FLSLEE S VERE , A7 FLAYIE SRR R e 1 P
BT B HERR 1 , 7 & I AT R W TT A I ] A
R 9) TFRCE ST 47 Jedk , - B 2 B IT I, LA K
P HE CN BT A NS I A E
A, BT ] T e — ST IR Y- 5 5 10) 11X 3
R B 0B R AR 25l 344 A R Y R, PR T
R A B SR OO SR BRI A2 B PR A HE B
Z—3 1) REH Gym$Z M ZRLGIAM— AR,
WAEVF 2 TR B RLSLEARTE Gym BB N ig4r;12)
R SCRF MARL, Z2 8 R (A RL L2 dn it , il I # 1:
HZ IS V-5 254 G Nl 28 fe 1k RL A .
IRES . LaRdEbRTR 4845 1) 4) ST HIE TF
6 I B Z2RE M, DU A iU R A P 0 5 95
Fr2).3) \8) W2 FEAE B HER P AT S s 15 A5 6
% 8 E) T B B A RS 1885 7) (1) (12) %
BTG EE D AT F5AR9) (10)F IR T 51
X SRR 2 7 2ARYE CarSim CarMaker ,PreScan
PTV ,TESS-NG .NVIDIA DRIVE  Carla Fl Apollo %5 &
THEAUT B e IRV TR RS T RTINS R
3.3.2  EAUDTHE RGUE R

454 bk HIHE b A 5 iDL s 2047
M, TS AR 4538 : 1) CarSim AEAEHEAE =4 B 19 %=
Wish e R Ge, 0 HA AL 5t R 5 S T
MATLAB, i £ 24& MATLAB 9 P, (02 A i
PAER 2%, B AL FE R & o 2) CarMaker [A]FE HAT 5
K E AL 8l 2 2R GE , SCREE RN, & 5 H 3)
25 B 7 1 SR S IE , (H AR SN TR, %) F- 5
2 WA . 3)PreScan 5 CarSim e %¥ , L 45 Fh i
A& A A 2 B RE L, i BE MATLAB Al
Simulink. 4)PTV Vissim SCRFROMASE R, S HF 2 HE
A0 T, 36 AT T A T R R 5 i R A
B AHRE ] AN, BRI RE T L~ .
5) TESS-NG (TESS next generation) , & fit Python Fl1
C++ APL, SCHRF YT R, BCE Il RS, FH A
B D ALK S22, 1 45 HH 2% LA Python/Co++ 4
FiE T i #& . 6)NVIDIA DRIVE Sim 45 J7 1 3¢ #§
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Table 7 Evaluation table of mainstream autonomous driving virtual simulation platforms

WHErE-& CarSim CarMaker PreScan PTV

TESS-NG

NVIDIA Carla Apollo LGSVL

Sumo Gazebo JunSim

Gyt AR Sk [FE AL e
KRS [BE3 S g AR AR
e R L AR 2 mg AR AR
LiwE 5 AR Hhag [ S S 1
KA W] AR AR R AR AR

GRS &g [ Y g AR
API#ZH g (S g s AR
HEREHERE A [ Mg g e
CIE/iS e S | BE B B
FEX S HE ik h h T ik
Gym ¥ 11 ¥ ¥ ¥ Jc Jc
Y HFMARL T J J T G

% m% m% m% m% PE |Y
mg R hAE R AR P s
me % W% mg AR AR m%
% m% W% m% m% AR P
e m% m% m& AR AR g
MY m% m% mY m% PE ad
Mm% m% W% m% mH wm% w4

[CE S L S A L 6 S 1 i S 1

B OJHR S JHR JFR TR JFIR EH
T 5 [ T [ i ik
A A A i o A py
l A A o T A s

BT 30 A v B g AR T & AR R AR A B I R
TR . 7) Carla 347 ROS 1 Python K IF %, 4%
J7 T SCRPERF AR AR, 5 oAt JE 0L 05 212 31
338 BOPELT , PUBE T YRR AR | 38 A o B ity AR T
R VA B2 g ARG AR 2 KA (5 AT et 3k eI
i, WK B . 8) Apollo 5 NVIDIA DRIVE Sim
ARARL, 2% 07 T S AR 0, 38 45 v 3 o 4 A T & ER AR
A AR 2L AE 5. 9)LGSVL Simulator
[A] Carla 3 2 E R AHEZE Autoware \ROS %, i & H 3
2R IR (R A XS — M, THRE NS 23
10) Sumo E 1 A 28 0 it #4 il A1 A i, I B R
Python JAVAS 45 il A1 5 °F- 65 fiT T, H 2 i = 45 48 () 0
RO S AL R U B SR A T . 11)
Gazebo [ ROS % i ACRAE , 1E A HLAF AT &, EGS
BT 2% (LR AC B, (X [ sh 28 3 ) SR BR o
12) JunSim AJ DAEAT 85 84000 AU I A 705 B, 457 Tl
SCRFPEAE 38 I B o 4 F 20725 B R A, (H 2
FEX SRR, B 6 R T ik 12 Fh i) i 401
BITE5H

2% | ik, CarSim .CarMaker — 33865 ZEish 11
5 P 4 B UF 5% ; LGSVL. PreScan. Carla.
NIVIDIA DRIVE Sim . JunSim . Apollo f1 F H: & H. (1)
PLBE R B A5 B -5 B S I A 5 ol it 28] i B
EINZ 5K . 1M Sumo . PTV Vission , TESS-NG #
FHTFIF 5% FHABE % I F1AE 38 1 15 L 5 Gazebo 5 ROS
ARG iE FCPELT W T AL AR5 . Hrh NVIDIA

Carla ., Apollo .Gazebo JEH 1& A 2 Re& A 328 3,
3.3.3 EMITHAZRRGIT A

B & R BV B R AR, — 2675 i
FEHRME T H AL HAF B HEATIR G I R RE D,
U0 Carla {5 EL 48 78857 BUAS H B4 T 5 Sumo \PTV Vis-
sim | CarSim %5 i #1715 A K A0 Eon 491, A FH Sumo
5077 LA s £ L 1 ST A SCR |, RIS A AT
DARR A SE Bt SR e H rp JLRR R U0 7 FL AR 2 TR 5
T B LA s RCR .

3.4 BURIEEHRAE
3.4.1 Zasufes)

Az U A B AR S B R ) E b 2 R, BT
HOGFBCER SO T , B 308 Bt BRI T 4% 4
R, RLSTIE S AT 42 R 2o iR X —
AR B 72 RL SR E i A TS W 2% > 5Bk
K-means JAE N2 2 ML (Hsu 55, 2022) 5 414 4]
PAZE 5 JORER) RL AT BB 42 o i , 382 R IG5 42 o 1Y)
BT, DL i A G 1) 2 42 (Gangopadhyay
45 ,2023) ; Wang 25 A (2023) #2173 T actor-critic
) HE 22 SRL-TR2 (safe reinforcement learning based
trajectory tracker framework ) , >k FH H 3 i Fl % ¢ #5
WAL & L By 1k A 2 B A ), 52 = AT 4R
TEME
3.4.2 i~

S 7 2] i A TR] AN 25, A RE MRS B 55
UF PR RE , R AnAn] 52 THRE AR S s A 2 ) KB
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(a) CarSim

e

(¢) TESS-NG

(i) LGSVL Simulator

(j) Sumo
Ko 12z MLy i 2 35
Fig. 6 12 classic virtual driving platforms ((a) CarSim; (b) CarMaker; (¢) PreScan; (d) PTV Vissim; (e) TESS-NG;
(f) NVIDIA DRIVE; (g) Carla; (h) Apollo; (i) LGSVL Simulator; (j) Sumo; (k) Gazebo; (1) JunSim)

MR T 22— XX — L e T —F T A
3fj PID (proportional integral differential ) & %% ) 5
IRABUHE 3 T4 J32 B 7 P SR A 38 1) T 1%, i 05 T e
PR W SR 42 SRy G, 32 R REAS 308 (Chowdhury
85,2023) ; [ RS E R REAS R R R, oA 14T A 3 it
ST B B R gt SRS S T I A s A )
A B E R AR RS AR A, PR AR
ok e (Qu 4, 2024) 5 Xu 25 A (2024) AP K Hls 4R
T i AR A P R T, i ) T4 o B R 0 2
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Fig. 7 The architectures of lifelong reinforcement learning,

hierarchical reinforcement learning and multi-agent
reinforcement learning ((a) lifelong reinforcement learning ;
(b) hierarchical reinforcement learning ;

(¢) multi-agent reinforcement learning)
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J2 N RL 55 P55 52 B oy 1 432 1 1 i 22 B e A oy
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Fig. 10  Classical imitation learning in autonomous driving
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