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ABSTRACT: With the advantages of scalability and high reliability, the distributed automated guided vehicle (AGV)
system has become a significant development trend for building intelligent manufacturing workshops and achieving
intelligent logistics in the workshops. The work aims to clarify the distributed AGV task allocation (DAGVTA) in
intelligent manufacturing workshops, as a fundamental key issue, that affects resource utilization and production costs.
Correspondingly, deep reinforcement learning was introduced, each AGV was regarded as an independent agent, and a
multi-agent reinforcement learning method independent deep Q-network (IDQN) was utilized for solution. Firstly, the
DAGVTA problem was transformed into a partially observable Markov decision process related to reinforcement learning.

The workshop environment states observed by each AGV were used as inputs to the neural network, and the neural
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network was fitted with a value function to output the action selection for each AGV. Meanwhile, the reward function was

designed with the transport distance of material handling tasks as the optimization objective. Furthermore, various agents

were trained on the IDQN architecture, in which each agent in the environment was independent, and took actions based

on local observation information. Finally, the experimental study in scenarios with different problem scales was conducted

to verify the feasibility of the proposed model and method by comparing their solution effects with rule-based task

allocation algorithms and the market-based bidding algorithm. After training, the AGV agent has a certain degree of

autonomous collaboration ability and can collaborate to complete all transportation tasks without a centralized planner.

KEY WORDS: intelligent manufacturing workshop; distributed AGV; task allocation; deep reinforcement learning;

independent deep Q-network
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Fig.1 Process diagram of AGV completing handling tasks
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Fig.2 Example of raster map

W, dy R5d 456, HIk, DAGVTA [k fk B s
S AGV PUTIGE TS5 1 B S IS THE R .
RS 2 B LR #5565 i 6 AGV @EEFMATEE j 4
YWEHRIZ LS, W z=1, &0 z,=0,

DAGVTA [ Ak B s = (4 ),

min[ifzijd;} )
i=l j=1

AL (5) ~ (6)s

izq <1, Vi (5)
2.z <L) (6)
i=1

E—MMES mE s R EY N, X (5) BREAD
YrRRkis Tt S 2t — 65 N AGV E#tT7, X(6)
FREES N AGV L EHFEPIIT—MRZIE5%

2 1EBIKME

RL CERESHENNE . SRR S FHH-F A HLH]
JRCA iR Py BRI B A 77 1 o ARSCR T RL 55
%, T IDQN FEHES BTk DAGVTA [
1 2R RER o o ) %, 72 BAR DL B 2R
5 7 B T LS 4G JSOGH IV /) MDP

2.1 {ESSELE & R FE iR

i RL B vEff e DAGVTA [a) i Sk Hifh s
H(S, A, P(s, a), RYJEX A MDP, Hrb S AARA =],
A RYHEZ], P(s, o) WIRAS s THREE o FHH
PR s BIMER, R RIS Y [l . BASREAN T .
BB AGV BIERREM, MM iR AT
YRR INR A, 38 A P SR W B — % 7 X IR
SHE, PATIIMER A FRBR S IR 2 il .



a0 H£1H

kiR, A BRERE 4 A0 AGV AR5 M ELI I - 145 -

211 Rz Eigit

RS ZS BT R BEAR {323k B0 1T 55 1 o6
B, RTES AGV KRS RFUMPR S [ 320k itz
£, B5% i & AGV KCEAYE REAR IR A 153
R (7)o

S :(Oil’ofz"“’oy') @)

KA 0, BH | & AGV MY FITA E TS ke
TR BB 2 I TREE B, A0S AGV M ECENE S j, HOlk
AR NACAE, SERAT S5 SRR AR I 2s 1/, ) AGV 7
B w NSRRI o, BRERARFIIRE s,
B AGV IRZS B M8 [] 4 55T
2.1.2 mEZEEIT

BhVESS [A] BT M A2 B 38 R BCR A RE . s
25 ] H Y sl AR R 2 RE IR DD s st 220 1) 4 8 4 i AT
F P —MT S, YRR RS, Yk
BOEAE SR AGV WFE TS5 AGV 58
PEATTHr, JRAR R 2, R AR
2.1.3 WREHBWMR

RL B AR S B A 70 4y A B RL
FTCHER] RL, i 55 52 a7 R 0 0 I 858 sh 25 A5
TR AR P(s, a), T PREE RS Q0o bifi 2 1
Ak S5 TS PREE A RS e ) AR, o
SR EE IR BT ) Sh AR A, 8RB 1 4 A RS o A4 55
TR AT BEBENT ) 254k, AGV ZIEEAESE S 5B %
7, WEIsh SR, JORIR RL 59k AE % 0 DUGE 1
WE AL, v PR IZ Bk, iR BOR S FERMER
W E AR S VEXT LT B il (e ok 2 ) S
2.1.4 KRR

il R BT S A B AR B A O, HRE i
LN . A RL B LRI 55 40 )
P Ak B AR R B0 U v VR AR RE AR 22 i, PRt
B RER 2L il R BT AR (8 ),

1 =—d; (8)
2.2 E-F IDON ®WEEiZit

IDQN B JEF8 78 RL B iEH 1Y Q_Learning )3
fili b, SRAM MG O 16, L5 Q_Learning
S tH B AR ZS 2 (0] 4 BE BB (0 ) 105 i B 22 b, i
P RL ByL A 2000 2 [ (R SRl i, =z T
PR RE R A IR . VEURAMEC S T, Tampuu 25157
JH IDQN B3k b 2 AR BEARTE A VR RISE ST 55 S
AR, Al R R Yoy A X 2 BE RIS T
R R IR/ L = S (o 2 St e o ]
DAGVTA [}, ¥4 AGV MM A ST FF REIR , 8
1t IDQN B L HELR B AGV 4EHR45 [ By A28 M 45
ki AR rp, B BB MR TE DL 3R a5 b A ERBE HR R I 1 B 0
DPRES s, SRJEHEHE A H IR 24, finh e

BNIER O fE, mARYE e-greedy RISl & L £
BahteE, HEAT—RE s, [FFEE DK o &
B E o ph 2 KBS, JFFRIH RL Bik24)
AR FREIRAS T W shAE e B R M

221 FASHZE

DRL 5345 TR R R I35 e-greedy!™ | B
IR 252 PR R A VR i e s A0 PRRJEFEBEAL
PEBESVE ARG I 85 0 Z e, DT S 4R AR B AR
W5 A S48 e M/ O s R Mg B sV, DA [l
e KA o AR e-greedy RIS, 1ZOR MG HRAE T R
TG VE T ALE], I8 S8 e RO MR R 5 H
TR o FRAS s, T REUTE) a; MHERICHE P(s,,q,) |
W (9) ~(10),

l—&+n-learn_step, a. =a; (s,
P(Si’ai):{ 7 = « (s) ©)]

e—n-learn_step, a, #a; (s,)
ai*(si):maXQi*(Si’aﬂai) (10)

S learn_ step WARTEIUEG 0 WHEHLICE .
222 EEZLH

RL 33 7 B BCm o S W I i
SRR 2 T B, 7 1 2 3 bt 0
IDON B3k o B B TR 57 6 hEh N (026 5ot , 168 B
AR U IE (s, s, 15, ) TF 2Bt D I B L
L M O R A 15, 0 B A AE 2 I
i, 20 AR [ B Bl 28 9026 L (5 7 o
Me, BUEEREOLE (11),

2
M@:%[ﬁﬁﬁﬂQhﬁ%ﬂﬂ—Q@%ﬂﬂ(u)
IDQN B St R an il 3 B .

(BT F eI . TP |

FHIEEMESE, AR
HHEH BIRMESEL
Ly
¥ (s, a, vy s EAZRL M,
A2 8t F A L B
B, I ERAREE
AR RGE AT 55 12 IR
AGVMIRSR R B2 1R
PATES
23 HAG VK #Ee-greedy
%lﬂ%ﬁﬁvﬁfsﬁﬂ? t=tt+]
AGVHIHBITIALSIRASTERT,
RN FF —RAs,_
I

K3 IDQN ik
Fig.3 Process diagram of IDQN algorithm



- 146 - f1 %% T 72

2025 4 4 A

1) Wit iess BARMZS O, , BIHHEHLALE 0,5 4
IR 2% O, FUEZSECN 0, =0,

2) BRI RS s=s00

3) W R A EORET, AT HIZS N AGV AR5
RAATUR, R Y HORIPRE 5;, LA e-n-learn_step
IBERBENLERESIE a;, DL 1-etn-learn_step (AR
WPt a’ (s,)=(s,,a,,6,) o

4) % AGV FUESARS TR, 2R r F1F —
PR 5o

5)PERIRE T AT HIZS N AGV IR SEL, REGER
R, RHEUF Y RHGE AT 55 1 AGV TRz Hir
ARG T — WP R BRI, #17 T —{L 551k
£, HBEBIAES .

6 ) WAHLK LIAEA (51, @iy 7y 5 VE AL,
TSIV A A 11 = S N 2 - M 2 S N E B T =
., =+ a0 (s, 4.0, ))-0(3,4,6)-

7) FUHR K BREL L) RGN G S5, R
¢ BT H HAEMESHO, = 0, .

3 LR

3.1 MLXLBFIFLETFE

B E B E N Intel(R) Core(TM) 19-9900K
CPU@ 3.60 GHz, 32.0GB RAM Windows 11 F&#L
I+, i Python 175 Al PyTorch HEZLSRSIFR, M
TERR A R, B X R GEREALAE B Y BHR S (T
%, SEUA RIS R R T R0 AT 55 o BB
FF 0 SRR I TR A5 R XT H

FEXTHL IDQN 5809 5 36 F R (9 4 55 43 il B33k
B, o3 il 5 H A9 FCFS #L AT Random #E ) . FCFS
TIOR3 A Ty A R A 55 T s IR SR, RIBh AT 55
750 v BRI AT 55 SRR B LS AGY; TE
Random #MIh, Z5H AGV ¥ MAT-55F 5 rh AL 1
B— MRz (T4, Y AGV TS, B8R
G BV 55 R R E AT 55t P ik 85 F — AT S
PAT . HF TR BRI bR e 2, W
S B 7 OB 55 0 B 45 AR AR N o ZEXT e,
WMAES5 75 BEHLAM IR — M ME 55, 45 AGV HREE Y
PRSI T 5ehr, 2R R A% TS, HEE
%AW SE L, A, IDQN B kMR T8 2
B, ARSCIHET S SCHR[ 174 R 2 50 B L 0
HWELSEH, Wk 1 PR,

3.2 EWHERSHF

B FIEARAT 55 0 B 7 R PERE , 250 42 1] P
RS IEAS AL AL B, AR 3 S — AR Hl I B, W] LA
FE XA M RS RS ((Unit Grid Cell Size, UGCS) 1k
Sy A 2 T) M R RS AGV Hi56E BE B 1 FEAS B

®1 HESHIRE
Tab.1 Algorithm parameter settings

ZH i3

Ay 0.98

TAS RS U6 € 0.95

GRS TS 2.375x107*

o) E ] 1x107*

WA BN 256

FHEAL R b 64

H bR W 28 S 8O % ¢ 200
e REAREL L 1200

Rl UGCS=7 [a] K & J 1) R~/ B 1) A S i =42
() G 8 5 ) RUST /50 5 7 1) WA 5 i o AFL R b, 2 AGV
PIBANITERE (1 m/s) f7B0EE, nfRiE XHBE 1 4
HIEAR BT FE F E5F 8 Ay 557 Ak A% B B R] ( Unit Grid Cell
Movement Time, UGCMT ), ¥ UGCMT YE MM
AGV S HATHF A FEA A 2] 1 Sseli 7o
LA il ), TR 5 REA 10 UGCSx10
UGCS MItiHAg s, 1555 Be i ies & 3 &5 AGV Fl
15 NRHIHEATE S5 o INZRIT B AGY AT S {5 B 7E
B — 4Rk AR FEMLPT LR 1 7= A2 o 2R ] IDQN F3 3K il
AT 55 43 BL IRV 4 il R BC(EL BB DI 2535 AR R B
K 4 Frn. B TE#EEBITER (L UGCS
W) SR GMELEBUE L BN, RS BRI
UWHEE N, 25 3is 1T RE B B lne >, 218 1000 K
Py Sl RGN e (3

(I) 2(I)0 460 6(I)O 860 1 OIOO 1 2IOO
BRI EK
4 R IDQN S5 vk K i A5 31 i) 2 il ok 45 b 2k

Fig.4 Reward function curve obtained by the
IDQN algorithm

AT SR A R, FSE 1 YIRS A
AT, TS FERWmE 2 PR, 36
AGV BIPIIR A E 534 (8, 5) .+ (2, 8). (8, 6). HITHF
FRBE AGV iy EEEE, YioE AR AGV
T BES , Al R i A 55 1 70 O 4t R i H 4
BRI, FREIRS AGV RIS AT 55 PATIIUT AR X



a0 H£1H

kiR, A BRERE 4 A0 AGV AR5 M ELI I - 147 -

&2 BBULERR 15 MIRIREES

Tab.2 15 randomly generated material handling tasks
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Fig.5 Task allocation gantt chart for Example 1
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Tab.3 Comparison of results for Example 1 with various algorithms
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Tab.4 Comparison of experimental results of four algorithms at different scales
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Fig.6 Reward function curve obtained by the
IDQN algorithm from Example 4
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