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Research on green flexible job shop scheduling based on deep learning

Peng Guofeng Hu Bin  Zhu Xiaochun
(School of Automation, Nanjing Institute of Technology,Nanjing 211167, China)

Abstract: In the Green Flexible Job Shop Problem (GFJSP), the complexity of production processes leads to low
efficiency. Effective scheduling of Automated Guided Vehicles (AGVs) for transportation can ensure both production
efficiency and cost control. This paper proposes a Multi-step Deep Double Q-Network (D4QN) algorithm to address
the scheduling of green workshops and AGVs. The method first designs a mathematical framework based on the
Markov Decision Process (MDP) to enable interaction between AGVs and the workshop. By adjusting the decision-
making in real time through state features, action space, and reward functions, the algorithm coordinates job and AGV
scheduling. Next, the algorithm for training decision-making is optimized, improving the calculation of Q-values and
deep network training to obtain suitable solutions. Finally., two validation experiments are conducted to evaluate the
learning performance of the proposed algorithm. The first experiment involves single-objective flexible job shop
scheduling with the objective of minimizing makespan. The algorithm is trained on the Brandimarte and Kacem
benchmark problems, and the results are compared with those of other deep learning algorithms. The results show that
the proposed algorithm reduced the average processing time by 5. 1~17. 2 s and decreased the average optimal gap ratio
by 7.5%~21%, demonstrating the algorithm’s superiority and stability. The second experiment focuses on multi-
objective AGV scheduling in a workshop, with the goals of minimizing makespan and AGV energy consumption. The
optimal number of AGVs is calculated for the MKO1 problem instance, with results showing that four AGVs achieved
a 3% ~31.8% improvement in the normalized index compared to other quantities, proving its effectiveness in reducing
costs and improving efficiency in the workshop.

Keywords: deep learning;green {lexible job shop; AGV scheduling; markov decision process
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Table 4 Algorithm pseudocode

DA

WL 19 % Q,
WL H R % Q,
I L 6 2 50 i D
WAL N S0 E R A7 C
% T A U5 7
i IR AT A AR 5, th ) A G S

] s,
e R4 4501 2 W PhAT LA A5 B, 3 3k 2 6 K [a)
oA SR

RAE SRR s, UMER e 8 —MRVLEIE o,
M ENE a, =argmaxQ,(ass)

AT a, » MR r, T — RS s,
BRI (5,ha, 1, 55,0 AMBRILEFAGHE D P
IR R FEANY TD 3222 AT INBCRAE I R A — D it
AT s
XF AR P E I T L2 25 PR .
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¥ ]
b T AR R 28 0:0 < 0 — o, L(O)
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SCETT T RZESEER . 1 SRR Ak 1 T B AR R R
b ZE 8] A R S LS/ 58 B[R] A H AR R B 7E Br-data



HEY% S A TRESFIEEF AL £ 88 E R

5 18 i

BERBN
ZHXp

ik %F
— T
x$ R L%
BWAR
(R7) BWHE

(Str @, Tt Se41)

Q(st at):

St+1

TD = re4r + ymax Q(Se+1, r41) — Qlse, ap)

HlEF AR ()
THsEmE
S
. SR B FRM
o b £&Q(target)
BIFERE o
P Bk R A e A 1R

Fig. 1

Ty MKO1~MK10 84 B ki scs, H =, N HF % %
AGV B £ H xR ZE 18], DL /N 58 T 6 Ja)
AGV REHE A H A ok B, JE 17 50 00 & B0 S8 28 7= 1) MKO01 ~
MK10 224 se 8, 3 2L MKO1 il i+55 AGV Sl i .
ARS8 fd ) Python 3.10 £ A PC LB 47, BL & N
CPU Intel Core i7-12650H, LB LI BB N IR R K ¢
(0. 8~1) %3 % o (B 0.01~0.03) 41K F v (i
0.8~1), %t =S HHAT ZHE M A HE4T 5 W5, IF Xt
H A Best FIT-HJff Avg #EATXF L 25 2R 03 5 Fos . i1
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Table 5 Comparison of experimental results with

different parameters

c.7/a 0.01 0.02 0.03
Best Avg Best Avg Best Avg
0.8.0.8 46 47 47 48. 4 47 49.0
0.8.0.9 43 43.6 46 47.2 45 46. 6
0.8.1 45 45. 8 46 47.0 47 47. 8
0.9.0.8 42 43.0 45 46. 2 46 47.2
0.9.0.9 42 42.6 43 44. 6 45 46. 8
0.9.1 44 44.8 45 45.4 47 48. 4
1.0.8 45 45. 6 46 47. 2 48 49. 6
1,0.9 44 45.0 44 44. 8 47 48. 8
1.1 45 46. 2 44 45.2 47 49. 2

4.1 BEARFHEMELZER

AR YR S B Al 3 E 5 ) 4 Brandimarte™™ i H [
MKO01~MK10 Z ] , Kacem %M 42 H 1 01~05 B4, X
LB TG T 4 RN R AY O Tl AR BCE . TR TR

Algorithm network architecture diagram
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Table 6 Experimental parameters

UEE 33

HWRKe 0.9
R 0.01
rdnHEF v 0.9
AR EL 500
BT — B E FRIE R R R, A T RIERE LN

AR 756 A5 B B 5 5 H 4 R ST R HEAT R H
45 MK 860 %F 3% T #0098 B (SPTEST.EF) (& T4
A ML B (SPT+SRPT . .SPT+EF.SRPT+EF) 3T 3
KRB LI E (grey wolf optimization, GWO) 5 T ik 2
3% E (DDQN L. DQN) , Kacem %45 T % [ 58 4% 3% |
BT 2R A N T M B 8 ¥ (improved algorithm of
near-neighbor artificial bee colony, INBAC)™", it bt 45 5
7 B,

2y F % Multi-Step DAQN 78 MKO1 5.4 | #9 1
HAR., FR 10 MR A S 2R K SR8 50T
BEIE RN E R R, T EIFR R AR
PES UM, #1222 3R rare 243K 5250 T 45 £ 4%
St Rmitir 22 e, AXmRXCHER.
Ms —C,.,

C/m/

5 AR I ST R MR AT BT, IR AR EE R ST L
N 8 FIR .

H7 8 nl A, & A EE# N SPT+ SRPT.,SPT+EF,
SRPT+EF WX rate 435124 2. 18,1, 55.1. 14, J3 KA
% PSO.GWO I rate 43510 0. 32.0. 54, i A CH:
B3 rate S 0,19, T 7 (E WAL 45 S 5 B0 222 il Ak
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Table 7 Experimental data comparison results of MK examples of various algorithms
5 b E  SPTHSRPTY  SPTHEF'™  SRPTHEF'™ PSO"™ GWO R
MKO1 (36,42) 73 81 71 44 56 42
MEKO02 (24,32) 65 85 60 33 43 29
MKO03 (204,211) 579 465 374 204 238 204
MEKO04 (48,81) 205 112 120 69 81 60
MEKO05 (168,186) 265 250 236 177 186 173
MEKO06 (33,86) 264 161 126 78 86 58
MKO07 (133,157) 446 325 278 148 173 139
MEKO08 (523) 777 717 643 523 556 523
MEKO09 (299,369) 716 563 535 341 370 311
MK10 (165,296) 517 509 373 252 312 225
= 58 LI [Al=42.0

M PET

I I G e

F_F 7 FPF T ]

B
=

o S O R FFP P T

wf [ F P F _F T

M FE Bl Ep] PPPP JEPE ]

0 IIO 2I0 3I0 4I0

K8 SMEEMRMELENLL

Table 8 Comparison of optimal difference ratios of

multiple algorithms

puim s

2 MKol H4§HE
Fig. 2 Gantt chart of MKO1

SPT SPT+ SRPT o

A SRPTL EF“j EF“j PSO"™ GWO gi
01 1.03 .25  0.97  0.22 0.55 0.17
02 1.71 2.54 1.5 0.38  0.79 0.21
03 1. 84 1.28  0.83 0 0.17 0
04  3.27 1.33 1.5 0.44 0.69 0.25
05 0.58  0.49  0.41 0.05 0.11 0.03
06 7 3.88  2.82 .36  1.61 0.76
07  2.35 1. 44 .09  0.11  0.30 0.05
08  0.49  0.37  0.23 0 0.06 0
09 1.39 0.88 0.79  0.14 0.24 0.04
10 2.13  2.08 1.26  0.53 0.89 0.36
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AR SCERR I A R T I e AR, ELTE R AR E

B T b AR WA B 2R L AR SCiE 5 R — LAk
DQN B i Je SCHk [21 142t i IR BE 5Q M 4% (deep 5Q-
network, D5QN) 575 #E 47 X bb , 2 44 i #H 38 4 o 4% 55 vk ()
WAL, SSRBEINER 9 PR,

®9 ZMREFIEE MK B L8 HEXLL
Table 9 Comparison of experimental data of MK examples

of various deep learning algorithms

PER o A

1 DQN DDQN D3QN DDON D5QN™Y o
01 42 42 42 42 42 42
02 33 31 33 32 31 29
03 204 204 204 204 204 204
04 74 70 72 72 69 60
05 190 185 182 182 180 173
06 86 75 75 75 68 58
07 206 196 196 195 153 139
08 523 523 523 523 523 523
09 335 329 320 324 315 311
10 243 240 240 242 230 225

P2 TR 2 ) R ) B AT R A L R R A

gE LT, an g 10 BT,

10 ZMREFIEFNRMRELEITLL
Table 10 Comparison of optimal difference ratios of

multiple deep learning algorithms

PE o A
B DQN DDQN D3QN DDQN D5QN ik
01 0.17 0.17 0.17 0.17 0.17  0.17
02 0.38 0.29 0.38  0.33 0.29  0.21
03 0 0 0 0 0 0
04  0.54 0.46 0.5 0.5 0.44  0.25
05 0.13 0.1 0.08 0.08 0.07  0.03
06 1.61 1.27 1.27 1.27 1.06  0.76
07  0.55 0.47  0.47  0.46 0.15 0.05
08 0 0 0 0 0 0
09 0.12 0.1 0.07 0.08 0. 05 0. 04
10 0.47  0.45  0.45  0.46 0.39  0.36

[FIFE By, B 2% 10 AT, 3 B 2% 3 5% DQNL DDQN,
D3QN.PER-DQN.D5QN E’J%ﬂj rate %3 %4 0.4.0. 33,
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Fig.4 Comparison of the rate box plot of various drl algorithms

% T BR-data 88 MK 261, A& 30 % FH T Kacem
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F 11 SWEE Kacem EHISREFEI L ER
Table 11 Experimental data comparison results of

Kacem examples of multiple algorithms

B GA  PSO"  INBAC™ AR
01(4X5) 11 11 11 11
02(8X8) 16 15 14 14
03(10X7) 12 11 11 11
04(10X10) 7 7 7 7
05(15X10)  * 12 12 11

MR 11 1Y 52 56 B 4 X L vl 0, A 038 78 Kacem
X 5 AR BGE DL T f A e 0% 3881 v A R 8 R A5 B O A

P B0 HE

i MK 805 3 A 5k 0t He 45 5 00 AN 46 42 1R DL R
Kacem B4 XF bb % 48 ol 1, 4 SCH kA7 T 80— i ik
DQN 5 Ho A 2 A0 8 B 0k 5 B E R T, A IER T
AR SO WA v AR e
4.2 SZBEMRFEHMELEE

AGV 1E R Ge Ak A= 77 o 0 B B4R 4 R E FE
YRR Z AR RSS2 TS
42 (AR BF 5T A AR & 20 AGV X — B IR,
J T WA SR AE PR, £ B bR ZR PR L AR ) B
ZIEAGV B THMWE, XTF AGV BRI . T2
R AGV MM AR, i B AN BRI RS
K. LRSS INESHNE 12 PiR.

P MKO1 A, 3T AGV 12 i (4 42 18] 94 i 0 B S 56
FrAR S R FEE I E 5 FiR

ARRFER M 10 6§ AGV ¥ MKO1 &4 d i fin T. T
PEEAT 2 i, B4 AGV B BEFETF- YR 120 kws, SCR 4t
ARERE 6 £,
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Table 12 Experimental parameters and training parameters

e VI 344

=R MKO01 BERRKe 0.9
AGV $ i 10 & FI R 0.01
7 A 20% YrdnHF vy 0.9
o H{E 90 % BRI 200
2 TR 0.5 kW
1 41 % 2 kW
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Fig. 6 The number of iterations
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MKO1 simulation Gantt chart based on AGV transportation

®13 AEAGY HEMZIRHIE
Table 13 Experimental data of different AGV quantities

AGV 56T AGV 15 AGV ¥y AGV

MR OME AR AR ik
2 300 99. 00 5. 50 742.5
3 233 98. 48 3. 67 860. 47
4 169 98. 22 2.75 829. 96
5 149 93. 83 2.00 873.79
6 137 92.43 1. 67 949. 72
7 127 91.45 1. 29 1016. 24
8 120 90. 87 1.13 1 090. 44
9 118 89. 34 1. 00 1 185.99
10 108 89. 25 0.70 1 204. 88
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Fig. 7 Completion time and utilization rate for each AGV quantity
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Fig.8 Total energy consumption by number of AGVs
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Table 14 Standardized index of the number of AGVs

AGV $i 1Ak T8 5L
2 0. 69
3 0.73
4 0. 66
5 0.68
6 0.72
7 0.76
8 0.81
9 0.87
10 0.87
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Fig. 9 Normalized index line chart for each number of AGVs
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