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Abstract

The research focuses on the path planning problem of AGV in intelligent warehousing, constructs a
multi-agent path finding algorithm based on reinforcement learning. Each AGV can learn from the
environment and previous experience, use the reward mechanism generated by different beha-
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viors to train the agent to independently choose more efficient strategies to achieve the predeter-
mined goal. In this research, an experience playback mechanism is added to the ACTOR-CRITIC
algorithm, centralized training and decentralized decision-making methods are adopted to im-
prove the path planning efficiency of the agent. At the same time, the ACTOR-CRITIC algorithm is
simulated and trained in the environment of the smart warehouse to verify the path planning ef-
fect of the AGV.

Keywords

Intelligent Warehousing, Multi-Agent Reinforcement Learning, Path Planning

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

LR, ZEAERRSG R TREV IR RGBT R E 2N TR e E 2. efiih2
ANAT AR B A AR B 8 R B AL, RS SR RIROR AR R AR (AR5 [1] [2]. SRT, XX
REAA A R A PR B2 7 Bkl R e A 2 IRV A 5 3 nd T DR AT TRE 6 VM O B FUHT A
BRELE, YUIAE LRI PIZAT 2SRRI . AT AR TR B e h SR RE AR BR AR
R JURR 75925, G A8 2R BEA Dijkstra SE[3] A V2 A8 B HA3IE B2 A 21 .

Ao L E BRI — R, R R RS AE IR T AR B I B A AN BT AR . I
G NI RSB, B B AT LA S A A SR A%, AT SE A 250 X PR B AR A At
SN o IXAN T35 CAPGIE AE S AP R AR A R, BAENLES AN BB S BN B R R[4] [5]. SR
ERARZIRE, H0, W ZDEREE T REERAE I KT AR, B R AR AR 1Y
0, T A R AEFE AR BB . HIK, B RER T Z VA, B RE AN AR A Bk = B AR
R, XA RES AR B AR VR BEAN T AT . DLE RS B G 2 A RE A T S DA v R 1
X R I AG PE AR A S AR KB &3 5% . HRT, AT B ) 28 R %37 57 A0 5 AR 3R 52 1 e it 1)
KRR T AT -

SRS SRR I BB P 2 AR REARIN 5 K TR[6] [7]. B RERRE NI BIAMZ I 22>, Pk
IR J5E b 484 56 B B A (V0 B AR R ACR o I A R REAR AN [RAT ™ A K R AN AR 1, mT AR e R Ak
HAT N, DUEEITUH A AR[8]. sefbr e TT i, VPR RIR R A FRI SN, BERHRBHRE I
M o IXFPIIYF) 2 SO REAR TR Bt T AERR rh 45 00 F RS A8 S I B AT N IL 22 [9]. BEAh,
SEALEE ST AT I U R B AR DA B 0 SUTAR, A TE RN T B R 55

AWK ST ACTOR-CRITIC Ak o7 S BASRIN R e i sl FL i A ARl ek B e e sie, N T
205 PIEAHLHI[10] (119 RH 7 b gRmn 2 g PSR [12] 771, DL S AGV BIBRARRLRIRCE .
[, 5 ACTOR-CRITIC LG5 N HEAT BN ZR, I UEA BT FEh AGV Z I8 I HMERCR «

2. ZEEFBRLFEIRZE
2.1 RGHEE
TERRAR LIS, 2 80 A PR 2 >0 S (MARL) 9 58 FH 76 3 47 AR AR AL B U4 R T A

DOI: 10.12677/mo0s.2023.126479 5273 e RSE TR


https://doi.org/10.12677/mos.2023.126479
http://creativecommons.org/licenses/by/4.0/

WRRiE, R

KISy, XL — A S A 742 Dy /R ) R P 1 2 (MDP) [13]. MDP {8l B85 o e 55 ) i
B IBCENESE, Reib R SR IO AT e RS SR, EAE RS,

MDP [1#% 0 H— 4IRS S 8] SIPED R RS kA 2hk s, SiEME R B R, idA7T
(S, A, P, R, Q)o AW EERRERECAEH AGV MIERAZRK M3, &M HA n M EER(AGV).
EF—KZ T, WEHE— N 2RREs eSS, Fn /[\Xﬁu'i)wﬁ%&[o:,of,.--,o,”]eoo Hr, s &R
A, ORFLERMMAE . A EEARYE B QRN o i3 — AN shEal e A, b A FRGNE
fefkic{L .} MEHELN. REMMIIREHR B P (s.,]s,a ) WITE HRABITIAHE c AL B
N R LA A Y E 4] R=[q1,q2,-..,q”]o FEXAN R T, BN R ARSI I A A A
SR LME 4 R 2RI R . AENE R %L Q(s,a) 2RYE T W 2RI r RS s FIBIE a fyth — NP &
REARIIBIAE a 1E.

2.2. Actor-Critic

MARL #4728 77 2k i ok 2 8 Be AR PR BT il B 1 52 2 4% 1) @ .- Actor-Critic [14]77752
— i LA MARL S0, BCAE 1T SRS AN TE 0 v E A A

Actor-Critic LM PN EEER 4% Actor Al Critic. Actor £ 5T MR ¥ 4 BB i BESN1E, 1 Critic
WA A BTk FE B E I 0 Actor St it o IX b S IS 8 A% fie 8 it 255 I [] 110 HHE 2 ai ok 5E 7 1L S SR 1
PR . B R X R XA 4R, Actor-Critic B3k T DA RO ST Y S AN S, AR 22 B Re Ak
B A S I LR

TERBE MM SN, N Z 8 88k Actor-Critic 5K WA R 24 BEAR (B 4L 28 A Bk H 30 4=48) 1)
S, LSBT S GFEIZE . Actor-Critic F% R VRN B BEAR2E 31 B AR SREE, [R5 fE AR
REAR AT 0T BEAR R VERE B o X PR IR 57 21 i F2 0 2 R A B S & AN AL HAT y, AT s
fE55 53 BE BEUERI F 2R ARG PEAL RS . AT S, JE T Actor-Critic 12 8 Re AR i 1b 5 > BIETEWM R L
AR e BE RS WAL E 7 T B BRI ).

K I 2% ﬂ(a|s;9)7{‘ﬁi—'i?~/l\’§'—5%, EMREIRES s i Zh1E a. MHMEME q(s,a0) HS TIEE, X
T IRIGEATH 7, VIR s TahfE a fis. Actor 1 Critic Z [AI X R WIE 1 FiR,

RS | nEme |
(Actor) (Critic) | RS

Figure 1. Actor-Critic algorithm framework
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Figure 2. Policy network
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Figure 3. Value network
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Figure 4. Centralized training
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Figure 5. Decentralized execution
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Figure 6. Intelligent warehousing environment

B 6. HRECHHIME

AW FEE T IR IR, 3 LR PURP S AT A . AT 5 AN BE AR 5K 2 x 2 [tk s 10
ANEREARFT—5K 2 x 2 11, 5 ANEREIRRT—5K 5 x 5 HI; 10 NERERM—5K 5 x 5 HiEl. Horr, GANE
REfA 5 T AR Y 0.15 x 0.15, S48 &5 T AR My 0.08 x 0.08. (i XY 1 &, 8Ok X I8 fr
THE—RIR, ARG XEAGY FRHX)NM x =0 2 x = 0.3 [HATH XA .

TE V5 SRME X 2 RN A X 25 B, PR BEARAE 5 B8 A4 7E B/ A1 5 K B8 (1 Bl VIR 0] 4 J) 22 il A B A 22
Jille BAANBEBEE IR :

i {—dt‘, di =0
= @

—di+2, d' =0

Crprd, RAReE | 758 t MITRRE KB B RO B ROEEES . O TN BRARTE B AT )25 h 3R 45 R AT 1Y
RN, B R U R IR H M B EBE. S35, v T SR RE AR AT REN H ARATE, BCE T AN

P

DOI: 10.12677/m0s.2023.126479 5277 e RSE TR


https://doi.org/10.12677/mos.2023.126479

WRRiE, R

IR 2L, BN S Ge ik Bk HARZe, WISZFhAANE N 2. & RXEMEn R
n:iﬂ )
i=0

Hrpn BINEHERAREER. 2R ITA B RASIER 2R, ek BMERES
FAR 5582 (B BB AN K. DN R 22 IS, v SR ] 8% 2 AR 42 JR) 22 il £ S B e AR B 1
FESLEIEILT , ADHUH RIS 2 B4 JR S b In o XA 3L Rl BE TR B v B RE AR A2 AL TR RE T

A F .

5 FLBEE N ZRIR BTN 5000, FHEE 24 B2 4EFE N 64, SRS 25 S5 A0 E 25 1) 2% S R I5°8 1e-2. 5
ET IR T4 0.95.
32. fHEGR

AR FUAE P FR AR R M R SR A Rk (1) RS, RIARZ A R ek R Rl . (2)
FiE Hbx f, B S H AR S A3 B B o A U8 A A7) DX IR AN ) 84 fe A i f U
SR AT U B S, DRI B 53R B AT PEATZ AL

3.2.1. RAKR

S S INGRR B L0 P 7~10 Frow, BEE UIGRCEsg N, S SRR Bl a4
HIF I ¥ L 1A 2 R O B B RE AR S F AR 5 AR TR R R B 2 M) B i DRIk, 2 2R AT Sl 38 5 1) 2200
A, AT AN BEVR B 2] T H AR

R REAECEAN RN, RALIJAE O B A8 AR R/ it BB Al SIS B . B0 DR D
FOPAER, BRI EUEA A RE 4R 205 B B A, DRI 25 2 i 2R RE o i 2Rl sl

Lt EORAMHIFIS RIS ISR e Ak 2, ARSI SA A s FE g . 3 R RN RN 25 5 R
REMAZ , BRI s o LB 28, TR AETA ) H A

I EZ MR GER RN IBATR, AR RBRER, FOVEZ B8 BRI H 12K -

3.22. FHIEE

BB E) H AR T B B 5 2Bt o R AN 11~14 P, BEE ISR N, HE R A A
BEEAS HARZ MR BT 0. ATLAESE, BEENZREMEN, REmtaE 7, &
RE A F) S st BORBR LT, B R B 06 76 LS (0 BRF T P B4R B0 F A o 48 R PR 5 180 I sl J <486 K
B 2 B GRS 1) A B AR R A ik s S R B B AR BEE ML IRR ST RO K, RIS STk, X 2R
NERIE TS, RREAREA T EB ST A /e 8 H br.

Reward vs Episode Reward vs Episode

—20 W\W\\J\/ ~20 1 W
—257 -254
-30 _304
2 =3 T -35
5 s
g g
& —40 < 40+
—45
_454
-50
_504
-55
_554
=601 v T T T r T r T T 5 r
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Episode Episode

DOI: 10.12677/m0s.2023.126479 5278 e RSE TR


https://doi.org/10.12677/mos.2023.126479

R RPN

Reward vs Episode

—204

—254

~304

—354

Reward

—404

—45 4

—504

0 1000 2000 3000 4000 5000
Episode

Figure 7. Small layout with 5 agents
E 7.5 MEREES =

Reward vs Episode Reward vs Episode
-10 —104
-20 204
o ~301 5 -30
] s
H s
& &
-40 —40
-50 _504
~60 _604
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Episode Episode
Reward vs Episode
—104
20
© —301
5
2
3
o
—404
_504
—60
0 1000 2000 3000 4000 5000
Episode
Figure 8. Small layout with 10 agents
NEDLE =3
[E 8. 10 MEREMR S /N =IE)
Reward vs Episode Reward vs Episode
_35] -35
—40 —40
-45 _as ]
T —50 1 bl
] _504
: :°
o _55 o
_554
~60
—60
—65 4
—65
—70+ T T T T
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Episode Episode

DOI: 10.12677/m0s.2023.126479 5279 A ()


https://doi.org/10.12677/mos.2023.126479

WRRiE, R

Reward vs Episode

—204

—254

~30

—354

Reward

—40 4

—45 4

—50 4

—55 4

0 1000 2000 3000 4000 5000
Episode

Figure 9. Large layout with 5 agents
E 9.5 MEREKSKEE

Reward vs Episode Reward vs Episode
-104 -10
—154
204
—204
2 T -30
T —25 5
H H
& &
-304 —40 4
_354
_504
—404
—451 —601 T T T T T T
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Episode Episode
Reward vs Episode
_104
—204
- —30
T
H
v
-4
—404
_504
—60 1
0 1000 2000 3000 4000 5000
Episode
Figure 10. Large layout with 10 agents
= 0ok oan
10. 10 MEREA S K =1E]
Average Distance to Targets vs Episode Average Distance to Targets vs Episode
30 A 304
L2507 . 254
© ©
e o
& 20 2 501
° 920
8 I+
S c
815 2154
a =)
[ [
2101 10
b5} I}
K Ed
5 54
0 “ 0
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Episode Episode

DOI: 10.12677/m0s.2023.126479 5280 A ()


https://doi.org/10.12677/mos.2023.126479

R RPN

Average Distance to Targets vs Episode

304

- N N)
o =) a

Average Distance to Targets
=
o

o

1000 2000 3000 4000 5000
Episode

Figure 11. Small layout with 5 AGVs
[& 11.5 4 Agent 5/ 23(g]

Average Distance to Targets vs Episode Average Distance to Targets vs Episode
301 304
@ @
‘g‘ 254 S 25
© e
8 S
o 20 A 207
s 5
b hci
3 151 3151
o @
o o
g 10 g
z E
5 54
01— r - v : v - r r r r -
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Episode Episode
Average Distance to Targets vs Episode
35 A
30 A
@
©
2 25
&
S
g 20
2
8
o
0 15
[
o
e
o
z 10
54
0l— - - - - -
0 1000 2000 3000 4000 5000
Episode
Figure 12. Small layout with 10 AGVs
=1
[ 12.10 4 Agent 5/1\Z8[8)
Average Distance to Targets vs Episode Average Distance to Targets vs Episode
30
30 A
25 A
2 £ 251
= <
201 kS
2 g 20 A
9 o
g 15 H
@ @ 15
a a
[} [
810 g
I S 10
g S
2 z
5 5
04 04
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Episode Episode

DOI: 10.12677/m0s.2023.126479 5281 A ()


https://doi.org/10.12677/mos.2023.126479

WRRiE, R

Average Distance to Targets vs Episode

= = N} N w
o « o v S

Average Distance to Targets

o}

0 1000 2000 3000 4000 5000
Episode

Figure 13. Small layout with 5 AGVs
[& 13.5 1 Agent 5/ 53/g]

Average Distance to Targets vs Episode Average Distance to Targets vs Episode

w
o

w

o

N
o

N

o

N
o

N

o

=
w

-

o

Average Distance to Targets
=
o

Average Distance to Targets

=
15

)
o

o

(I) 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000
Episode Episode

Average Distance to Targets vs Episode

Average Distance to Targets
= - ~N N w
o w o w o

o]

0 1000 2000 3000 4000 5000
Episode

Figure 14. Large layout with 10 AGVs
& 14. 10 4> Agent 5:KZ=|g)

4, &Eig

AP FARVE T 28 Be iR sl 25 S HIRAE R R i R R . B R 4k

(1) JEIS R FHBRAGT STROAR, B REAR T DA S PREE (1458 T 25 2] FEAN B =t SR e ) - fE i R 5 v,
DX F A5 G [ i B 2R K B A R, B REARARE S i A BOIRES T B B A A& IR, e FIEE K
e RIEMERE MR E S

(2) BiH 1T Actor-Critic 77720 2 B ge ik om b 2% ) 532, FF R N ZEE MR G 5 N AGV 1)
AR ) . 7 ECSZIRAIESE, 7 5000 #8350 K, 10 MLLNI AGV B4 B & fe e — Eu BN It E S

DOI: 10.12677/m0s.2023.126479 5282 A ()


https://doi.org/10.12677/mos.2023.126479

R RPN

T H AR BE T - AGV HR 8 HEM I 24 it 1) 30 11 S0 1 2 LR 5 — I 18] 28 (R 3 1 090 e 20 55 1 S B S
JITS AGV 1E 3000 %81k A5 FIZNAE SIS T A3 « B2, U7 H B2 s Both &l sida e, AGV 5 His
F - 259 8 S R S A A RIS AT AFE /MRS AGV REAE SEFR- G il A58 T AR B SR SR B 2 LRI R A2
HEH 5o
(3) MIEHSEE G MR, R BFERRNVIE BT, N5 R NEERE RO BRI,
SATTE , RIWHEAH B TR MARL SLUEAEIR = B BE B RGRCR T AES -

EEUWH
BRI R 3 4:(0047/2021/A1)

SE

[1] Foerster, J., Assael, I.A., De Freitas, N. and Whiteson, S. (2016) Learning to Communicate with Deep Multi-Agent
Reinforcement Learning. arXiv: 1605.06676. https://arxiv.org/abs/1605.06676

[2] Sukhbaatar, S. and Fergus, R. (2016) Learning Multiagent Communication with Backpropagation. arXiv: 1605.07736.
https://arxiv.org/abs/1605.07736

[3]1 Wang, C. and Mao, J. (2019) Summary of AGV Path Planning. 2019 3rd International Conference on Electronic In-
formation Technology and Computer Engineering (EITCE), Xiamen, 18-20 October 2019, 332-335.
https://doi.org/10.1109/EITCE47263.2019.9094825

[4] Bai, X., Fielbaum, A., Kronmuller, M., Knoedler, L. and Alonso-Mora, J. (2022) Group-Based Distributed Auction
Algorithms for Multi-Robot Task Assignment. IEEE Transactions on Automation Science and Engineering, 20, 1292-
1303. https://doi.org/10.1109/TASE.2022.3175040

[51 Hu, J., Niu, H., Carrasco, J., Lennox, B. and Arvin, F. (2022) Fault-Tolerant Cooperative Navigation of Networked
UAV Swarms for Forest Fire Monitoring. Aerospace Science and Technology, 123, 107494.
https://doi.org/10.1016/j.ast.2022.107494

[6] Chen, M., Wang, T., Ota, K., Dong, M., Zhao, M. and Liu, A. (2020) Intelligent Resource Allocation Management for
Vehicles Network: An A3C Learning Approach. Computer Communications, 151, 485-494.
https://doi.org/10.1016/j.comcom.2019.12.054

[71 Chen, M., Liu, W., Wang, T., Liu, A. and Zeng, Z. (2021) Edge Intelligence Computing for Mobile Augmented Reality

with Deep Reinforcement Learning Approach. Computer Networks, 195, 108186.
https://doi.org/10.1016/j.comnet.2021.108186

[8] Garaffa, L.C., Basso, M., Konzen, A A. and de Freitas, E.P. (2021) Reinforcement Learning for Mobile Robotics Ex-
ploration: A Survey. IEEE Transactions on Neural Networks and Learning Systems, 34, 3796-3810.
https://doi.org/10.1109/TNNLS.2021.3124466

[91 Wei, E., Wicke, D., Freelan, D. and Luke, S. (2018) Multiagent Soft g-Learning. arXiv: 1804.09817.

[10] Foerster, J., et al. (2017) Stabilising Experience Replay for Deep Multi-Agent Reinforcement Learning. Proceedings of
the 34th International Conference on Machine Learning, 70, 1146-1155.

[11] Omidshafiei, S., et al. (2017) Deep Decentralized Multi-Task Multi-Agent Reinforcement Learning Under Partial Ob-
servability. Proceedings of the 34th International Conference on Machine Learning, 70, 2681-2690.

[12] Oliehoek, F.A., Spaan, M.T.J. and Vlassis, N. (2008) Optimal and Approximate Q-Value Functions for Decentralized
POMDPs. Journal of Artificial Intelligence Research, 32, 289-353. https://doi.org/10.1613/jair.2447

[13] Oliehoek, F.A. and Amato, C. (2016) A Concise Introduction to Decentralized POMDPs. Springer International Pub-
lishing, Switzerland. https://doi.org/10.1007/978-3-319-28929-8

[14] Lowe, R, etal. (2017) Multi-Agent Actor-Critic for Mixed Cooperative-Competitive Environments. arXiv: 1706.02275.
https://arxiv.org/abs/1706.02275

DOI: 10.12677/mo0s.2023.126479 5283 jé

[

S


https://doi.org/10.12677/mos.2023.126479
https://arxiv.org/abs/1605.06676
https://arxiv.org/abs/1605.07736
https://doi.org/10.1109/EITCE47263.2019.9094825
https://doi.org/10.1109/TASE.2022.3175040
https://doi.org/10.1016/j.ast.2022.107494
https://doi.org/10.1016/j.comcom.2019.12.054
https://doi.org/10.1016/j.comnet.2021.108186
https://doi.org/10.1109/TNNLS.2021.3124466
https://doi.org/10.1613/jair.2447
https://doi.org/10.1007/978-3-319-28929-8
https://arxiv.org/abs/1706.02275

	基于强化学习的多智能体路径规划研究与应用
	摘  要
	关键词
	Research and Application of Multi-Agent Path Planning Based on Reinforcement Learning
	Abstract
	Keywords
	1. 引言
	2. 多智能体强化学习算法
	2.1. 系统模型
	2.2. Actor-Critic
	2.3. 训练

	3. 仿真
	3.1. 仓储模型
	3.2. 仿真结果
	3.2.1. 累积奖励
	3.2.2. 平均距离


	4. 结论
	基金项目
	参考文献

