wfﬁ-’ffh?f*l'?

COMPLU SCIENCE

EFMitDDPGHSAGVREMRIE X
B MR =R, ANIE

5IAEX

BEE MR, T8, ANE ETEUADDPGRIZAGVEREMMEIE]. HENREE 2025, 52(6):
306-315.

ZHAO Xuejian, YE Hao, LI Hao, SUN Zhixin. Multi-AGV Path Planning Algorithm Based on Improved
DDPG [J]. Computer Science, 2025, 52(6): 306-315.

BUXEEE (SERXIME IE JIREREEXE)

Similar articles recommended (Please use Firefox or IE to view the article)
AMERERBUFIESRENEHRER IR FFIERTTIE

Class Integration Test Order Generation Approach Fused with Deep Reinforcement Learning
andGraph Convolutional Neural Network

IHEHRIE, 2025, 52(6): 58-65. https://doi.org/10.11896/jsjkx.240700115

ETRERBCFINMRS TIERBSRBAEEE
Intrusion Tolerance Scheduling Algorithm for Microservice Workflow Based on Deep Reinforcement
Learning

HEMNREEE, 2025, 52(5): 375-383. https://doi.org/10.11896/jsjkx.240500033

ETREBUFINWindows FiBEREREERTTIE
Windows Domain Penetration Testing Attack Path Generation Based on Deep Reinforcement Learning

HEHRIE, 2025, 52(3): 400-406. https://doi.org/10.11896/jsjkx.231200074

B¥I RS EBEN S
Self-learning Star Chain Space Adaptive Allocation Method

HENRIE, 2025, 52(3): 359-365. https://doi.org/10.11896/jsjkx.240700140

ETFERUFINZDED R ABIIETTE
Graph Reinforcement Learning Based Multi-edge Cooperative Load Balancing Method

BRI, 2025, 52(3): 338-348. https://doi.org/10.11896/jsjkx.240100091


https://www.jsjkx.com/CN/10.11896/jsjkx.240500099
https://www.jsjkx.com/EN/10.11896/jsjkx.240500099
https://www.jsjkx.com/CN/10.11896/jsjkx.240700115
https://doi.org/10.11896/jsjkx.240700115
https://www.jsjkx.com/CN/10.11896/jsjkx.240500033
https://doi.org/10.11896/jsjkx.240500033
https://www.jsjkx.com/CN/10.11896/jsjkx.231200074
https://doi.org/10.11896/jsjkx.231200074
https://www.jsjkx.com/CN/10.11896/jsjkx.240700140
https://doi.org/10.11896/jsjkx.240700140
https://www.jsjkx.com/CN/10.11896/jsjkx.240100091
https://doi.org/10.11896/jsjkx.240100091

0 'H‘ :ﬁ‘ *’h ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 240500099

EF it DDPG 9% AGV BEMIE %

BEE M 2 ZF = WG

WoRHp e A F AR K F K W 210003

Wi A FILAAM R AR ARE LA T KPS A 210003
M AFERGE A EATLEARFLFQPHEREA) ¥ 210003

(zhaoxj@njupt. edu. cn)

i E LN ERELASANR. S B33 F % (Automated Guided Vehicles AGV) & % 89 546 2 LRI A& X 4L R KA, 4F =)
BREEZBNFI T ELESL AGV ZRAE M PO E WX F R E R ER RN R E T — ity &5 R EEH
M kA & A % Improved-AC-DDPG (Improved-Adaptive Cooperative-Deep Deterministic Policy Gradient) , % % i8 it 37 52
HEREMNAERESOE,FEHARBZ,DEERESAFFN AR Y AGV Rl 64 =2, B oF 35w 5F 7m] 4 88 R Ronk, B 440
Rk A A, IR EAMW,5 ¥ A DDPG o A L # 3 4 4L DDPG (Artificial Potential Field-Deep Deterministic Policy Gradient,
APF-DDPG) H #4836 , Improved-AC-DDPG M $kik & B ) RZEAX ARt T B AR LA, ZFRAT % AGV
AR RS xhl, ARASHERRKZAEDESRR THEREDERETHER  AATZHWEZRNERE AR,
KR AGV; %2 MR ;3K BB F T ;DDPG

hESES TP242

Multi-AGV Path Planning Algorithm Based on Improved DDPG
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Abstract In the field of intelligent logistics,the challenge of path planning and obstacle avoidance for automated guided vehicles
(AGVs) is significant. Traditional deep reinforcement learning(DRL) methods exhibit limitations in efficiency,dynamic adapta-
bility,and handling competitive-cooperative interactions among multiple AGVs. This paper presents the improved adaptive co-
operative deep deterministic policy gradient(Improved-AC-DDPG) algorithm.an advancement over the standard DDPG. It levera-
ges environmental data to construct state vectors and employs a real-time path planning strategy that dynamically creates task se-
quences to prevent AGV conflicts. This algorithm also includes continuous policy parameter optimization for obstacle avoidance.
Experiments show that the Improved-AC-DDPG surpasses both the standard DDPG and the artificial potential field optimization
DDPG(APF-DDPG) in convergence speed, obstacle avoidance, path planning, and energy efficiency, thus enhancing multi-AGV
system performance. This study provides innovative insights and solutions for multi-agent system modeling and collaboration in
dynamic environments, with substantial theoretical and practical implications.
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3.3 Improved-AC-DDPG & £ {53

Improved-AC-DDPG & 1 % T 4F Ui A2 A4 A 2 S8 449
1 TR . T8 5k IO 88 PR R 5 e 0 AT AR L 2B RS B IR
ARG SR R AR ) W 4 A B E Rl B LR
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A& WAL AL S Ay TUIN 25 SR 5 SRR AR 1) 22 5 5 U B T g Uk

Az R L TSR R R B AR T AR AGY AT S, RSl R

S AR N AT o S B 65 G R R R RTINS L R

RIS

&% 1 Improved-AC-DDPG & #:

1. Initialize policy network parameters 07, value function network 02
and experience replay buffer R;

2. Initialize environmental parameters;

3. For each episode e=1,2,+,E:

4. Reset the simulation parameters for multi-AGV obstacle avoi-

dance and path planning, obtaining the initial observation state S;

o

For each timestep t=1,2,++,T:

6. Normalize the state S,=[x,y,v,0,L,0] to S’

7. Select action A, using the Actor network,based on the current
policy and noise

8. Input the normalized state S,” into the Critic network to ob-
tain the state value function V(S,")

9. Execute action A, receive reward according to Formula(5),
and observe the next state S+

10. Normalize the next state Syt to Sii;

11. Store the experience tuple(S,"s A;+R,,Si+1) in the experience
replay buffer R

12. Calculate the temporal difference error according to Formula
(5) and obtain the advantage function using Formula(6)

13. Update the Critic network and Actor network based on the

loss function according to Formula(5) and Formula(16)
14. End For(timestep loop)

15. End For(episode loop)
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W T kAT 2L,
4.2 WSEEX LW E ST

F3IR Improved- AC-DDPG %3 09 W 845 B2 A0 #, AR Y
T B XSS KX v 5 8 B DDPG 5135 & APF-DDPG 57
P aRE 2 REILRASECEWME 2 Jia & 20 %k

i XA /30 + 30 HJHA% b KL BR 48R 64T 50 Rk, Horr, 2
> B P E TSI T A R R X A SIS M T B
Wi, AR A 2R 2 15 A Y I A% T BT LN PRl Sl L 42 e
R A B e T LRI SR 0 Pk AR R 2 B
PRV EL , RE A% B DR TR A 2 08 1Y) B[] 2 ) R o7 4 8% 5 b A
R EME S EA Ornstein-Uhlenbeck M, 43 52 Wi 2 GE K 75
B AR RAT 76 IR 2l 2 P IR % b R AR I R S 4, T L
SRR SR A BT e A & BT Y B R SR W sk L B
N JRy B #5054 Dl oK B R 2R B E A A [R) 2 il 300 A RE A
PRI EA SN S MER T 7 E S SR &L R NE 1 G 54
Jih 2 H5r R 1,550, 5, /T LLFE I 450 1 B IR 2%, B 4 %9 fig
PRSI BE Y T TR EE A 30, 3 W R AR IR R I AR, T4 T
B BE 1A 7 Skt R AN AR LR TP R AR A A, SRR 4 AN
&5 fras . &4 Sk =38 & 5 I 2Rl 4520 B 28 fb xd [, &l 5
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Table 2 Training input parameters for Improved-AC-DDPG,
conventional DDPG and APF-DDPG

Improved-

% H DDPG AC.DDPG

APF-DDPG

b % 3] Fyy, H 0,002, F
3 3 new H T H R B AR E

Actor W # 0.0001,

-3 0.002
AR Critic ® % 0.001

. 4 MEE G % M O kAR, R
%54 ¥4 o
Agsso o sk Adam  f B 3 17 T 1
#R KK 50 50 50
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Fig.4 Comparison of training steps for Improved-AC-DDPG,
conventional DDPG and APF-DDPG in each round
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Fig. 5 Comparison of cumulative return values for Improved-AC-

DDPG , conventional DDPG and APF-DDPG in each round
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Fig. 6 Comparison of path and node speed of three DDPG algorithms in AGV thousand tasks
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Fig. 7 Path length distribution of three DDPG algorithms in AGV

thousands tasks
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Table 3 Comparison of path parameters of three DDPG

algorithms in AGV thousand tasks
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Fig. 8 Calculation and energy consumption comparison of three

DDPG algorithms in thousands of tasks of AGV
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Table 4 Comparison of cumulative success times and collision times of dynamic obstacles between the proposed method

and conventional DDPG methods
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