BHSRE

Control and Decision

ETIENREFE I B SRA B ESNEEHA

Ty, 28, YRR, SRS IRE W, BRel

SIHAS:

50, B, W, . B TEAENIRERA IR NE ESEET R LT].
1614-1624.

TELR B2 View online: https://doi.org/10.13195/j.kzyjc.2025.0787

LT RGN HA SO

Articles you may be interested in

T HERRT*FNSA B AN A ALK
Robot path planning based on improved RRT*FN algorithm
PEhl 5Pk, 2021, 36(8): 1834-1840  htips:/doi.org/10.13195/).kzyjc.2019.1713

Feshplas Niz sl i TR EE s Ay > O ik
Deep reinforcement learning for motion planning of mobile robots

PR S5 2021, 36(6): 1281-1292  hitps://doi.org/10.13195/j.kzyjc.2020.0470

HET £ 3 o IR X F] 2 g AL WORE Sk O RS Sh A Las A A AR

P 5 R,

2026, 41(6):

Path planning of mobile robot based on + 3 ¢ normal probability interval population division using genetic ant—colony algorithm

Pl 53 2021, 36(12): 2861-2870  https://doi.org/10.13195/j.kzyjc.2020.0745
HLEE M5 B S RRTIABE R L

Robot RRT based on information gain for environment exploration

PR S5 U5 2021, 36(11): 26832689  https://doi.org/10.13195/j.kzyjc.2020.1007
— P T A AILE B E EAS S LA AN A IR 31

A path planning algorithm of deterministic mobile robot based on immune mechanism

Pl 5. 2021, 36(10): 2418-2426  https://doi.org/10.13195/j.kzyjc.2020.0059


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2025.0787
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2019.1713
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0470
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0745
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.1007
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2020.0059

5541 % 55 6 W # % 5B x K Vol.41 No.6
2026 £ 6 H Control and  Decision Jun. 2026

ETIEFRoa it F Bz AB ESMEEMR

Tl d &Y, R, REEYS, BRE®, HoH
(L SRR K FBLEBE, H5 210000;

2. H AR FE AT AR AR OER, 1% %3 523000,

3. WA B A 0 7 OB 00 1 v e B R 8 4 SRR, 530000)
T EIREAASIL LR R AL B N P 5 0002 (L 07 A RO HGAR, Bt — R T H R
e ST IR 1 L0 0 LA A2 (RANav). 2607 A R SR B 1 SRBEHLA 59X ST L, B2
FHULER ARSI ASR B RS YA . B 56, MR MU M & (OB IF B 1%, DUR A SR &5 s
AR TR B 73 F, 5 AIEFAT BB LACHU, ST A0 10 Sim-to-Real SERERE 1 SR, SR IAITR

S 5 0 O AL (PPO) v, VR AL 15 B0 1L Critic 90 6 371 S0 25 31 RO 76 2 2007 1015 S0 5 T S o
RANav 75 LA eV 5 B 2 %05 T 53 DR B Tk, M I0iiE 7 SL7E 80 AT bR e

BRRZALAE 1 5 SRR B .
KR BN AESH 8, SRk, MEIHEMR, BENLE
hE K-S TP242 HEMFRRRRD: A

DOI: 10.13195/j.kzyjc.2025.0787
SIRH&ER: ] T, A8, VTiE, 55, BT AR ARaRik 2 S B LA AN B £ SHEVERT T [7]. 15861 5 35K, 2026,
41(6): 1614-1624.

Autonomous navigation algorithm for mobile robots based on
asymmetric reinforcement learning
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Abstract: To address the challenges of perceptual uncertainty and limited policy generalization in dynamic
unstructured environments, this paper proposes a robust autonomous navigation policy optimization framework based
on asymmetric reinforcement learning, termed Robust Asymmetric Navigation (RANav). The framework integrates
implicit environment estimation, domain randomization, and asymmetric reinforcement learning to enhance the robot’s
modeling and decision-making capabilities in dynamic settings. Specifically, a multimodal implicit environment
estimation network is designed to accurately extract dynamic obstacle features and improve scene representation. A
behavior-driven domain randomization mechanism is introduced to facilitate Sim-to-Real policy transfer. Finally, an
asymmetric proximal policy optimization (PPO) algorithm is employed, where privileged information is provided to the
Critic network during training to improve policy learning efficiency. Extensive simulations and real-world experiments
demonstrate that the RANav significantly outperforms existing methods in terms of navigation success rate, obstacle
avoidance robustness, and path efficiency, verifying its strong generalization and deployment potential in complex

unstructured environments.
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AR JG BRI T oAb 2 ST SRS I 255508 T
PR LA, A SBR[ W I A7 L e R
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Tt, RYit R 2R ARE RGN, 45 I B )
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2.1.1 RREZE
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DL AR S A A B ER B B8, € RRTE AR 7 i
10,0 € [—m0, ). IS B RREBO6 T X 5K A
MUEHE . o W0 55 2k D 46 25 28 WA A Kb 38 5 )
—AbJE, HEB A RST L x 1440 95K & R AN LEE
22 Ab 3 5 TR IUH VR B ERRAE, 2w i 2 80 x 80K
k. RS I Tk R U B A 4 R PR, NG
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TF1) ¥ I P [ T, 89 5 S g A S 24 0008 10 1902 L, T ok
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71, SINFERUE B4l et Or = [0 O7]. H: O¢3k
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S, R TR D) 6F R g B [ R, A U 2 )
N1 x 80 x 807 [a] ], Of M F A/ FLIR IR (it
I 25 B G ) 1 S Ao B R, s L I g A
2 x 80 x 80k & (WA IBIE 4 Axt N AL B A5 B 5
(S R, 85 KA K S sh & s ) B
AR SR A A, AT R =@ s N RS B
TEN SR B AL Critic, f BhHLMERAVRAS K301 013
Actor 4 ZAXMK I T 5L U6 A% S8 1) SR S MU, S B
TR 1 SEPRE 5 Sim-to-Real 72 4k.
2.1.3  BhEZEE

AR A A5 SONHLAE NES: e il 45 4 4k

W 28 B N A OB IR S, i th 3 — A 45 il & (0, ©)
€ [—1, 1], i LAtk B 2 R S bRy il 4a 2 v flw,
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