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Abstract

With the rapid advancement of industrial automation and the logistics industry, the path planning
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of Automated Guided Vehicles (AGV) in logistics warehouses has become a critical component to
ensure transportation efficiency and accuracy. Although numerous strategies have been proposed
in recent years, multi-AGV systems still frequently encounter collisions, path conflicts, and control
latencies in complex logistics environments. In light of this, our study introduces a path planning
approach based on Multi-Agent Deep Reinforcement Learning (MADRL) aiming to address the
coordination issues among multiple AGVs and to enhance their path planning efficiency. To vali-
date the effectiveness of the proposed method, we conducted comparative experiments with the
Genetic Algorithm (GA). Results show that the MADRL-based strategy achieved a 28% improve-
ment in overall transportation efficiency and a significant reduction in collision incidents.
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1. 5|

H 315 S % 4i(Automated Guided Vehicle, AGV) L A Rl R i 4 7t AT 5 SR 2 i 1 A8 [ 1]
[2]. TEEE AL B EEY, AGV REWARYE RGNS, TEIR4L 2 [AIPLIRAL 5, AEH e IS
BUFIRE ), KO3RS T HNERCE . HSUHEN ST R GO ] gafRER AR IR T SRR A, e A AR
HRIZ . 752494 Tolk 4.0 FERVRERDE) H, keirh . BAE. Wl AR 2R AGV ks A
R, NIRRT AR P R SRR R3] [4]. RN, AR BEALIT L, AGV el N TAEA
GO IE B, WIS T OS] B T HiliE R A i O SR AR AGY, W4 EAIE
I AR R IRAR A R AR R T SRR QLR o o TE S AR SR R MR AU, AGV TENEAR . kD>
N 55 B LA AT it 2 ) 77 T AT S tH AN T B AR B {EL[6] [7] [8]

SRIMIEVIR BT, 2 AGV AN AT B2 I RIIEAT/E 1% 2 BRER[9] [10] [11]. #%k, AGVs Z[an] &
SR BRARAE ORISR, JUHRAE S A BR B M ERIGEN, 2 AGV H IR BB SR 22 ™ 5 52
TYIE 2R [12]. Hk, 24 AGV HISEHHP [FIRTE B, LU 2 B RCR AR IR R, 2 — AL
FR VR ) R . A% 5 1 B T4 B35 (Genetic Algorithm, GA) I 1 B A% 80 %11 77 V2 4R Mk R 6] 1 L6 5 25 F 5 2%
MIPRAR[12] [13] [14]. TR SRS 2] O O N TR e U — DN EZHA, AR REARRL T il it 536
55 H Bk 2 3] S Al MG 3R 42 [15] . (B A DRL BEAT /N B A2 A RIAE SR AEAE IR 25 2 18] AN 3 41 25 1) (1) 4
FERAME[16]. Rk, X2 AGV 15, FRATE:T 28 Be AR VR FE 4k %% >J (Multi Agent Deep Reinforcement
Learning, MADRL)KXT AGV HIRAS . BhfE. KphiF 47 @45 . MADRL 7] LA R85 £~ AGV 54K
W1, AEENITE—ANSEZ MR P AT RO ] R 8 0 S 3P 2 A K

AR TEYR G 5 TRH MADRL #HT% AGV BEMEIME 241 $ TPk
WATHI G PR B . B AR P oA R AR SRR, FRATBF S BIN T —FHi B2 T MADRL ) AGV #1%
RIS o 5205 K H IE ORI B S FIE L ST EAF[LT], FRATHI J7 R RS 3h 2818 N 52 i 2814k,
IR AL AGY Hhil. tbah, ERATMBE TS, T IRIEFTEE I MADRL J7 A &40k, di1514%
Sl GA BT T EuAs. SRIRgE R EIR, FT MADRL ) #48 HLRI SENE 70 s e Esgil T 33% 0 i 25 42
Tt HLREN 525080 AGV 2 [A] Il A o
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Figure 1. Multi-AGV handling scenario in the warehouse
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X 13 A HEHUHIE R A s R BB AR p™ 1, ARKR p e R AIEict B F AR AL bR oKl
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Crae =2 4wy +1)) ()
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SERNTE Y A AR B AR, W R PR:

minC,_,, (5)

st w(t)e(0,1) (6)

di* >0, jelJ @)

P (t) € [Xmins Xpa ], T €1 (8)
P (t) €[ Vonin: Yonax ] K€ 9)
¢ (1)e(0,4,2,-,N), keK (10)

AROC) KR m/IMEBERIZ B ALO6)AR— AGV HiEgikiz—MaE, H—MEERGEH—
AGV #tiz; AR(T)ARBERIIZIE R BTN IELR; AX@) ML AGVs MATIYER, HARGEH
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3. B3k

FEARTE R, JAIET S AT B BB, SRAIRIT 2 AGV BRI I & e A SR A A« Ak,
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[ 1954 4F, 4 Minsky B UCHREIABR A0 > (ORI, At 30 (00 2 20 R A Dl 5 R85 1)k B B 3ok
PACIRIH[19]. XFIFLETE AGV RGBT HELbr MY 5. ERRMPITRHE S, AGV 1E NG
T, TR B B R A OB S BRI RE R XU, IR RO T IR IS AT S . A, AGV IFA
RIS P B A B Gl o XIS, IR BE R AL S 5V SV AGV TEH B EM BT AT 251K, 2%
SIS . B SR RRSE E ), AGV AT LR IR [l (1 52 5l A 1 SR VA S 1 R AT B
T 4% 21 5 A 1 5% 42 0 e 558 s

2 7R TR S AR O a5 . TERLEE T, R REAR (Agent) VE 9t S sk, £ T FA 35 (Environment)
T EATAT B PR (Action) . AT —IRENME, FREE PR ZS (State) #4508 I A 8 g A4 52 1 42 Jih (Reward) [z
W, XFPAEA T BTRAT SN EAR TAE S AR IIE 1. R B AR s K BRI, Rt e
T BLHE T M TDIRAS B 7 L0 ) e s . AE SRR BB, B RRARAS Wb UF A5 R0 Ak SRR
AR 58 TE45 78 IRFS T B LE 3N 1E 5 v e = AR i KM HHER 32 BB LB IR N, B R Re St Ak FL v 5k
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state reward action
R A

1 1
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Figure 2. Core structure of reinforcement learning
E 2. smiF gl

BiE, T2 AGV AT s I SN 2 2 I, B e WPRSYEEE MBNEYE R £ AGV ZIAIFAER)E)
VEF PR AL 1T F2ME LIS, TiEAR BN 381 . (RN 1 N 2 AGV H S il F B B E 25 () 4 5
SRR I R, DA A AGV TEIRHL A R {5 B SR BR 1%, FRATTR A T Dec-POMDP. 7EIAESE T, AGV
FO B 0 LR BB IR 25 . RS2 S (1) . MERHEA O (1)« ENMESES A(t) MR R(L) . Bk
UK PR
o CRABE S(t) : IR T AGV TEMIFIR T (1 FTA 7 A G B AR A IHORA . S (1) B FF5:

S (t) — { plagv (t), pggv (t),---, plagv (t); plpack (t), pzpack (t),'", pJpack (t),
(1) (1), 8 (1), (1), @, (1), o0 (1)}
Jsp o (£) 1 p™ () AR AGY M FAEIT It HORLEL. g (1) FRFHRIEAZIX K AERTIE t 1070 B
o MEESFO(t): KT AGV MEALEMN ZI PR MBI EEE, X EART I AGY KA E
RURA L RAT S5 8, O(t) ALkt F 3.
O(t) :{ 29 (t), pae” (t),---, P’ (t); plpack (t), pzpack (t),---, pJpack (t),
(1).4,(t) 4 (1), @ (1)}
o IEEES A(t): Foax AGV W UPATHI P A EsAE, Bllnardt. o, HEuisil, thihdh 3
A, A(t) BRI FEROR:
A(t)

(1)

(12)

N R N T (13)
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o RNERER: ETHT AGV HIBIEMILLE Rt R G BAR MG RV . EHE T EEKE. A
PR LSS ERE S 2R R, BEIRS AGV 1R H e R R RS . R BARINTR 205

R=BxJ-Y WY oxt (14)

Hrp p REEFER— UGS TR 0 &K AGV B M METIFE T, 5IN0 &N T &N AGY
AT, M R TR BRSO AL B IEAT

3.2. MADRL 3%

MADRL & —FhiRBEIE 5 2% 2] 75, T TR RACBE 2 B e AR IR 5T T 1) % 1 4F %5 . 7€ MADRL 1,
RSB BRAR AT IR FE AR 2 I 2R R R LR, I 5 HAM B BRAR RN 2 ) NIZE B T 2 B REAA A5
AMEMAEFRSYE, MADRL 75275 B2 Ge k2 7] 1) S g 22 AR ge ) A PAa 0. [Rltk, MADRL H
REFEEMEAR, Wiz SRR iir. SR REEH SIS, DU B IEE 2 B Rtk [\ 1)
PMERTE S22 .

AT T4 HY — il 22 B B AT S S £ 4k (Multi-Agent Proximal Policy Optimization, MA-PPO) &% & 7
FLALIZR AGY, RIS AGV BEZ: Ok H AT SR . TECET AGVSs AN SRS 47 48 T HL 3R
B—BARFH v, K4 o HE RS

N To ) S
1(0) =X 2R(7) 7, (ais)) (15)
N TR RS AGV AT i KA R, 75 B S oA F A R HOR ST SR N 4 2
2 0:
VFH = ETI[g(T) |:Ag (St’at)VI()g 7[9 (atl Istl ):| (16)
Horbt A7 (5,0, ) FREMR IS B EL[20], BB AELR 2178, SORBIEREARCE, ARER:
\v4 i i
Vi,=E.. . {MA"(;,% )} 17)
’ 7o (atl |Stl)
AT KL BEEXS £, #4738 -
o (0)=E, [min(rt (0) A’ clip(r, (6),1-€1+ e)Ag)} (18)

4, fHECE
4.1. LIS

FEAR S LRI04y, A6 BARAL — N T Z RS IR AL 2 S SR IK 1 2 AGV G EIRIE 5. 5L
B FAR ST HEAE AR E S S D, AZIRRCA T AMD 5600X fF A4 e 4k B 25 (Central
Processing Unit, CPU) il RTX 3080 1 4 & AL P 25 (Graphics Processing Unit, GPU), #fifR 1 /i Z i iHE &KL
RGN . A MR O — NN EERE, %201 SHH 45 (64, 128, 128, 256, 128,
64]. IXFH T B R G IR R (1) B AR Sy AG Vs il e SRE . B —E#CR A T ReLU BUE
BRA[21], DOSEEBIN AR LR AE ). st I, AT E T —NHFR DY 50 m x 50 m (1 M 460 P
BE— DALY 0.5 m x 0.5 m RIS, 753 —MHEUH) 100 x 100 RS H P o XA 20 IS AL 7T LA 07
FRAUE M M PR, Wik AGV A Bh 3NS5 e bR O A E B M7
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WATEABIL T — SN YR i G ilis s 5. AGV Bald By 50 mimin, K& AGV Ny
10 4>, HE N 3 A R — NS X I R4 30 MUZE, (A7 XKW HUG T 5547 2 /0Bl
B, BB SHABESENE 1 R, STHXSHE RNV, v AGV HIAH Rl
IBUUE TSR, F, AL AGV BIRIZXCR, KT RNKIEN, e TSGR T
BMZAF X IR G AR WE TR T SEhrin i 5 e M. HEwm>I R, #rinll 7. PPO #BIRMA) ™ X
WA ERESH, BRI ST BRIk g . And 2SI MBURIE DT, R 7 & 1 S
Herymr SEPE AT AR

Table 1. Experimental simulation parameters
=1 LWENSY

SRS K {1
BB TE AL B) 100
AGV #ANETTHF(0) 2
T GAT X B KRG AF(N) 30
) F (k) 0.001
PranE 7 (u) 0.98
PPO #:B7 & %4(¢) 0.1
AR TR (g*) 0.95
4.2. GERSHT
4.2.1. YE8E ST

Wi 3 Frow, T IRNBIE T 2] 20 B Sl e, FRATVTH T RAISEER, R T 0.1, 0.01,
0.001. 0.0005 U= >] 3N P15 £ 48 22 il i S 56 v B (Episodes) s 5454k, M 78 MADRL B9
SAPE. ARBA G2 515 e v 0.1 B, RGN G K B3 HaRs,  HAEBD pk AR e T
KR CI RN, BREARRIUSOEE . AFRFEERENR, &5 o) R R ER AL 5T
FHEWCSE IR . M T, BAKMZEIE, Flin 0.001 F1 0.0005, FEYIZRAIVIFT B b7 H ik 1
R . (HAEKBRAEART, BATRILE TR AR S L ME, WX ] 2 n] gefe gt 7 5 nfa
MR . 30 WEE, RESAEIFY RO TSI S, EHRZSMESE T XA X
—BRE T IR GIEF IR E . B 3 Rl DL H, BREEAFE 1% 2] S N Rl s, JF HAE
Fue g SN BAA B USICEE . IX B B R AR S YEALE R, BRSTEA R S B0 E TN
5B R AT MERE .

4.2.2. MERESHT

Wi 4 Frs, oGS b 22 %] MADRL F1 GA BF EVE{EAF AGVY BE G FHtERERIM. &
S, AAE 34 5 AN Z 10 A~ AGV, MADRL HIEL[ B AGV B4 8- ig il =4 i B HIE T GA
Fk. XEWRAE XL, MADRL ik BA S I RCEMBE IR . BAORYL, 2 AGV
N 30, MADRL Al GA [MEREZBEAE] T 0.44 M8, T2 AGV ZUEH N 10 i, X—2FE
B4 KE T 0.63 MU/ BN XKW, BEE AGV BEMNIN, MADRL HyEMRHAE N E, £
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Figure 3. Convergence status of average system reward under different learning rates
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