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Table 1 Transfer matrix of nominal production rate

) o) o) (7o) (7o)
1 0.70 0.20 0.10 0.80 0.20
2 0.80 0.10 0.10 0.75 0.25
3 0.75 0.15 0.10 0.75 0.25
4 0.70 0.15 0.15 0.80 0.20
5 0.80 0.10 0.10 0.80 0.20

TN A 77 BT AL T U ERRH 2R 2, HOR S
MMMARN AR 2, R3G T AT LS
o BB R 40 7 ITER G WA
T F5 A AR 43 3R 0.25.0.20.,0.20.0.15. &4
A R R 18 FEARS G A B T T

R2 YUK SR LK B a4 H5 A 4R 1

Table 2 Transfer matrix when starved or blocked

) [P ) P )
0.90 0.050 0.050 0.90 0.10
0.85 0.100 0.050 0.90 0.10
0.95 0.030 0.020 0.85 0.15
0.95 0.025 0.025 0.90 0.10
0.90 0.050 0.050 0.95 0.05

RI EFEALH

Table 3 Parameters of production units

L& S B S T N

EFERIE o, | Cop | Cow | Con | Pow | Peu
M, 3 1010 3 | 11 ]0.90 | 0.60
M, 2 [005] 3 | 11]0.85]0.55
M, 2 1010 4 | 12 ]0.95]0.50
M, 2 [0.08] 3 | 11]0.90]0.55
M, 1 [0.10] 4 | 12 |0.85 | 0.60

FEfH H SR-DQLAR AL AE A& S B, 45 R A2
2% 0.011 F 48 BN B 2 0.001, W25 P40 R y
k1 0.99, Kl ¥ 3 1 IE WAL R EB R 2. BR A
A AN, DQL H A4 2 5044 5 SR-DQL AH A ,
QL 2505 DQL h A Re IR i AH W . 7
DON FFPFE R ML A 9 4 AT s, 145 5 HLAE
IR PR S DL B 44~ 5% o PR A7 A i, B 0
ANHUCR 2°=32 X R 5 AN A 7 BT BR 4 A sl AN 2
BRI T AT REAL G o B A RS 4 s
WAL 256 A S 1 ik 2 45T s
Relu 0% PR, #2845 1) 2% 2] 2 54 0.005, DQN
RRBRITEE ] 0.9, 765 000 4 5 et TR 0.1, 48
B2 thIX 25 R 107, BRI B AL B 64 4~ 22 10 54
TRt 1| 2 1 F N R O i O H I =R 1
24 2) 1074~ A s ] A9 45 U

BRI E R 21T S IEITEM AR
PR, EE R R 4, RATE 2 38R T R KM
XoF RSP U g B B A AR i 2% . b, SR-DQL S
AR 45 B s, DQL IR 2 o QL R gk #Hi%
e Aein @ BN RGRE L FURANE, s
W25 A M AT GA R 3 A 3L T 1T PR (B 5K W B IR 2
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Hr, DQL I JL U IR 50 JIr 45 235 SR 0 b o 25 fe /DN, AR
SCHT R H B SR-DQL bR HE 22 IR 2, Ul I 25 g 1A
S AL 2 7 IR AR 2R R GBI v A 5
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Fs X RLEIEZL LT GA FIDQN, ¥ BELE 9 min Y
AR FR5E 107 BT B[] B 05 LA - 1T GA H T XF
B R AR T B o M AT L B SR FERT AE 2 h LU
o DOQN &b HH 107> K& i 1 0 45 B0 45 40 D) 75 22
162% 24 b, Uk B T T PR I8 2R 0 45 1 S50 HE T T R
# Q REM BRI £ 0 L5 LT AR ST
HR I 7 AR A 1 T R R AR M SO R AR T T
B TAL G 3T 1 TRRAEL Y 7 v
4 RRALEw0HIESER
Table 4 Resulis of different algorithms

Tk YEJio0 | w2 | WE /min
SR-DQL 4.1537 0.021 5 8.37
DQL 41351 0.0117 8.11
GA 4.0733 0.0311 134.00
DQN 3.9397 0.063 7 1 440.00
QL 3.902 1 0.028 6 5.36

B S s T AR RLE R A S W & 50 h 45
T — R B S A . Sk U il 2R 0 8 B
Pl 5 e iy 5068 o7 ) RRC(E R B B 1 000 A5 T35 31 1Y
P, M ST LU H, SR-DQL A DQL B yE I 4
JI 5 U S B d5e /b, EL S i 98 v i S B v T
SR-DQL Ay Wi SI0H B . B4R QL I 25 A6 B ik [ 55
> AH HAR SO T B BE H 2 e £ 1 5 B AR DON I
SRR AR A I T I 28 i /> F QL.

5 RR T H SR-DQL A5 2 A4 4 7= 350 M, 1Y
YR WE . 7E SR-DQL ™, Ag, R4 M, /1B 1ok 45
B bR % vh IR AT B A B, 14 PR AT AT 4 5 v
Fo HIFRSAIA, 2 M, AARE R 2 B, BT R i 4
&S 1ERE B, FI B, I FEAF = 1T A2 4 . Y BJEAEA 2
H B ABSRA PEAF I M, A F s A RS 8 A 1 1
T AT B PR E  GA FRE Y M, 1 75 B 2 4
& TTBRAE A 2, gl 2 1 U2 M, AR fR RSy 2,
HOELIEAT R VEAEAE . L, B SR-DQL 5 21 i) 4t
16 SR W B 35k 990 By 24 46 17 BIR L 1% O W B 50 | g
FEELZMHHE,

Y A/ 73 76

o 1 2 3 4 5 6 7 8 9 10
WEBH (10°48)
ES RE kst A2
Fig.5 Convergence process of different algorithms
R5 M, gL R

Table S Maintenance strategies for M,

M, | B, B, | ik
2 2 0 DN
2 2 1 DN
2 2 2 PM
2 2 3 PM
2 2 4 PM
2 0 0 PM
2 0 1 PM
2 0 2 PM
2 0 3 PM
2 0 4 PM

5 4518

B XA 2% 2 B E AR G AL LA 10 1 S i wf L
B 5E B RE R SR Ab 27 > O 0k TG vk Ak B R LA
ARZS 25 (6] A Bl A 2 a) A ), AR SO T — 2
BRERSR AL A ) Bk I LA B i ik — P R
THEEAERE

1) K Z 0 R G MDP AL, 73 5111
B BRI AL 2 ) T2 REAAR IR AL 2 LT &
PR IR B2l R

2) feih T —MHIT 20 R dE s e
9 SR-DQL L , 51 AR Il Y8 i ok 41> REAA T L
Fra RS A 5 R gs &, 3271 T DQLA %
FRITERE o

3) B UETIE A B, R T AN Rk A
B kAR M A KRB RCR . b T AN
BEUE PRS2 SR B0 B SRS, B0 T AR SO R Y
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Maintenance optimization of multi-component system based on
multi-agent reinforcement learning

ZHOU Yifan, GUO Kai, LI Bangcheng
(School of Mechanical Engineering, Southeast University, Nanjing 211189, China)

Abstract: [Purposes] This paper investigates the effectiveness of multi-agent reinforcement learning
algorithms for maintenance optimization of multi-component production system. The feasibility of applying
domain knowledge of maintenance optimization in reinforcement learning is also studied. [Methods] The
maintenance decision making process of the production system was modeled as a Markov decision process
(MDP) , which was solved by a shaped reward distributed Q-learning (SR-DQL) algorithm. The domain
knowledge of maintenance optimization was introduced into reinforcement learning by designing parameters of
agents and reward shaping. [Findings] The proposed methods were validated using a production system with
five production units and four inventory buffers. The proposed SR-DQL algorithm had a 6% ehancement of
average revenuse comparing with the commonly used Q-learning. SR-DQL also outperformed distributed Q-
learning and deep reinforcement learning algorithms. [ Conclusions ] The SR-DQL algorithm can effectively deal
with the maintenance optimization problem of large-scale production systems, and reward shaping can improve
the performance of the reinforcement learning algorithm.

Key words: multi-component production system; reward shaping; distributed Q-learning; multi-agent

reinforcement learning; deep reinforcement learning
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