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Energy-saving process route discovery method
based on deep reinforcement learning

TAO Xinyu'"’, WANG Yan'?, JI Zhicheng'”

(1. China Key Laboratory of Advanced Process Control for Light Industry Ministry of Education, Jiangnan University, Wuxi 214122,
China; 2. School of the Internet of Things Engineering, Jiangnan University, Wuxi 214122, China)

Abstract: Due to the traditional process route formulation rules based on the fixed processing environment, it is unable
to quickly respond to the dynamic changes of the processing environment to formulate energy-saving process routes.
Therefore, an energy-saving process route discovery method based on deep Q network (DQN) is proposed in this paper.
Based on the Markov decision process, we define the state vector, action space, and reward function, establish an en-
ergy-saving process route model, and transform the energy-saving process route planning problem with dynamic
changes in the processing environment into a DQN agent decision-making problem, which uses the reusable and extens-
ible decision-making experience to solve the problem. At the same time, an exploration mechanism based on the S func-
tion, a weighted experience pool, and a double-Q network are used to improve the convergence speed and solution qual-
ity of DQN. The simulation results show that compared with that before improvement, the improved algorithm can find
energy-saving process routes faster and better in the dynamic processing environment; and compared with genetic al-
gorithm, simulated annealing algorithm, as well as particle swarm algorithm, the improved algorithm can not only dis-
cover energy-saving process routes at the fastest speed, but also obtain the same or even higher precision solutions.
Keywords: deep reinforcement learning; deep Q network; dynamic machining environment; process planning; Markov
decision process; agent decision making; double Q network; heuristic algorithm
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Fre 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
B 4 5 6 4 15 16 20 21 22 23 18 17 1 2 19 7 8 3 9 11 12 13 10
PR 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 7 7 1 717
JIE 6 6 6 6 1 1 1 6 1 1 6 8 1 1 12 3 7 9 2 3 9 1
i Ay ] ty ty Yy —z —z —zZz -y -y —y v vy +z +z +z +z +z +z +z +z +z +z -z
*9 EGI2:DONEERMRIZHEL
Table 9 Case 2: DQN algorithm optimal process route
=2 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
i 4 5 6 4 15 16 20 21 22 23 18 17 1 2 19 7 8 3 9 11 12 13 10
PR 6 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 2 7 7 1 7 7
JI AR 6 6 6 6 1 1 1 6 1 1 6 8 1 1 1 2 3 7 9 2 3 9 1
BETITTI) +x ty ty vty —z =z —z -y -y —y —y ¥y *z +z +z +z +z +z +z +z +z +z -z
33 HEiRMEREXTEL AEFE 1412 kJ 1% 15 3 FlUR K5k H, ACO
%9 T Yol SWDDQN 215 i T 2 Ak RS B B Sk b, (KB 7 RERE 1542 1)

BERURS B, 58 & UE 2 GAL SA DL ACO B ik
AT EE, LAZEH] 1 R, GAL SA DL K& ACO ik
BN Py AT T A MR, BRI T4
BRI 10~12 PR, BERENL Sl 2 an &l 12 BF
N, SRS FL AR B R AR TG An 2k 13 i
Ao MEN 12, £ 13 T IE W, 1 4 FE LT,
SWDDQN 531 e S48k B e B, 264X 33 YR8 i
76 3 MR &R s, ACO B vk Wi S50 ¥ b,
AR 56 LB, GA Bkl ok i B AR 2, 4R
78 MK, T SA BRI S e i, 118 95 IR
s, TE 4 FhETE RS AR h, SWDDQN ik

3 B

e, T GA Bk SH E Ak 1% T ACO Bk,
{E B Y BERE 1502 kI Ik T ACO %47, SA Bk
W S R B AR SR 1, (USSR F REFE 1412 KJ i
N, TR LB HIE T SCHR [10] B9 456 : SA Bk iy 4
JAERE T GA k. WEIRE Kk, SWD-
DQN #5% A7 A J5 AN RE 98 LA fie P b ik BT
fie T 20, T FL A A ) 0 25 0 kG B R . 25
I+, SWDDQN AU AE S Ab B i T- 3855 sh 548 1L 1Y
TRE T2 IR T ) R, i L A e b 3R B
S ARG BE A TR B 200 s T B T A B2k, 1k
T SWDDQN A9 .

K10 GARMLIZHE
Table 10 GA optimal process route

5

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
Ak 5 6 14 4 21 18 17 22 23 1 2 19 20 7 8 3 9 11 12 13 10 15 16
PUK 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3
JIR 5 5 5 5 5 5 5 1 1 1 1 1 1 2 3 7 9 2 3 9 1 1 1

BIITTE 4y 4y +x 4y vy —y -y oy -y +z 4z 4z tz +z 4z +z +z +z +z tz 2z —z =z




<33 W) Z 4, A5 BT IR BB A2 2T BT RE T 20 BR 4 R T 1 51
x11 SARMIZHKRE
Table 11 SA optimal process route
5 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
BE 14 5 6 4 21 18 17 22 23 1 2 19 20 7 8 3 9 11 12 13 10 15 16
PR 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3
JI A s s s s s s s 1 1 1 1 1 1 2 3 7 9 2 3 9 1 1 1
WA +x +y +y +y —y -y —y -y —y +z +z 4z +z 4z +z +z +z 4z +z +z -z -z -z
R12 ACOEERMIZHE
Table 12 ACO algorithm optimal process route
ha=2 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
HBAE 4 5 6 4 15 16 20 21 18 17 22 23 1 2 19 7 8 3 9 11 12 13 10
PUK 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3
JIH 6 6 6 6 1 1 1 5 5 s5 1 1 1 1 1 2 3 7 9 2 3 9 1
HETIITI] +x ty ty Yy —z2z —zZz —Zz -y -y vy v vy +z +z +z +z +z +z +z +z +z +z -z
5000 GA A K 2 A IR AT N 2 B R K Tn) R
4500 —SA_ 4 B A S5 4 38 2 ) S5
4000 — SWDDQN P2 PR FRESE &, R AP,
= 3500
S > E Tk
ﬁd‘g 3000 | Z % X ﬁi}( .
2500 r [1] HALIM A H, ISMAIL I. Combinatorial optimization:
2000 comparison of heuristic algorithms in travelling salesman
1500 ™ ————— problem[J]. Archives of computational methods in engin-
0 25 50 75 100 125 150 175 200 : .
UL eering, 2019, 26(2): 367-380.
[2] REZOUG A, BADER-EL-DEN M, BOUGHACI D.
2 S b 86 74
12 FRMERERT L Guided genetic algorithm for the multidimensional knap-
Fig. 12 Algorithm performance comparison . .
sack problem[J]. Memetic computing, 2018, 10(1):
®13 HEMEEXILIFES 29-42.
Table 13  Algorithm performance comparison details [3] KIEFFER E, DANOY G, BRUST M R, et al. Tackling
GA SA ACO SWDDQN large-scale and combinatorial bi-level problems with a ge-
T netic programming hyper-heuristic[J]. IEEE transactions
BESARY S 78 95 56 33 _ .
on evolutionary computation, 2020, 24(1): 44-56.
&b
MR 1502 1412 1542 1412 (4] WRBHIE, S8R, ZRI8. SRR iRAT R 1RG4 38 1 TR
RGBT (7], 6 B 5 N, 2021, 38(2):
4 gFRE 245-254.
R . § . CHEN Kesheng, XIAN Sidong, GUO Peng. Adaptive
A 3CHS DQN vk I T T 20 e 2 ML Rl ) o . . .
B T T DON T SRR B . heating simulation annealing algorithm for solving the
AT A o zﬁh QA & ?FJ/ b b o L = traveling salesman problem[J]. Control theory & applica-
- NN
28 X)) [r] k1 B BEAR 7] 50 3F 47 >R y N T PRI N
SRR Ao B BRI BRI 9 157 g, st o, o . st IR A 0%

T4 DQN By Wi S5GH B A A Y TR, T T
S R R AR AR ALA L AL 53 X Q M 48 H R
KPR o DLSEBRn T2 ), A AU T3
SRR, Xt HAR TAF#EAT T2 A, [ i 5
EL =Y SN RPN RN AT R /R SR U 5

TSP AL A B [0]. #6583, 2018, 33(2):
219-225.

HE Qing, WU Ylle, XU Tongwei. Improve the applica-
tion of genetic simulation annealing algorithm in TSP op-

timization[J]. Control and decision, 2018, 33(2):


http://dx.doi.org/10.1007/s11831-017-9247-y
http://dx.doi.org/10.1007/s11831-017-9247-y
http://dx.doi.org/10.1007/s11831-017-9247-y
http://dx.doi.org/10.1007/s12293-017-0232-7
http://dx.doi.org/10.1109/TEVC.2019.2906581
http://dx.doi.org/10.1109/TEVC.2019.2906581
http://dx.doi.org/10.7641/CTA.2020.00090
http://dx.doi.org/10.7641/CTA.2020.00090
http://dx.doi.org/10.7641/CTA.2020.00090
http://dx.doi.org/10.7641/CTA.2020.00090
http://dx.doi.org/10.13195/j.kzyjc.2016.1666
http://dx.doi.org/10.13195/j.kzyjc.2016.1666
http://dx.doi.org/10.1007/s11831-017-9247-y
http://dx.doi.org/10.1007/s11831-017-9247-y
http://dx.doi.org/10.1007/s11831-017-9247-y
http://dx.doi.org/10.1007/s12293-017-0232-7
http://dx.doi.org/10.1109/TEVC.2019.2906581
http://dx.doi.org/10.1109/TEVC.2019.2906581
http://dx.doi.org/10.7641/CTA.2020.00090
http://dx.doi.org/10.7641/CTA.2020.00090
http://dx.doi.org/10.7641/CTA.2020.00090
http://dx.doi.org/10.7641/CTA.2020.00090
http://dx.doi.org/10.13195/j.kzyjc.2016.1666
http://dx.doi.org/10.13195/j.kzyjc.2016.1666

518 % BOE R & v M ©34 .
219-225. [16] REBOL, XIGYE, ##, 45 2 TR R AL T 9 RUE AL

[6] JOY J, RAJEEV S, ABRAHAM E C. Particle swarm op- 2N BHI A ARSI (7], HSE2EHR, 2021, 47(8):
timization for multi resource constrained project schedul- 1976-1987.
ing problem with varying resource levels[J]. Materials WU Xiaoguang LIU Shaowei, YANG Lei, et al. A slope
today:proceedings, 2021, 47: 5125-5129. gait control method for bipedal robots based on deep rein-

[7]  PETROVIC M, VUKOVIC N, MITIC M, et al. Integra- forcement learning[J]. Acta automatica sinica, 2021,
tion of process planning and scheduling using chaotic 47(8): 1976-1987.
particle swarm optimization algorithm[J]. Expert systems [17] JIANG Rong, WANG Zhipeng, HE Bin, et al. A data-ef-
with applications, 2016, 64: 569-588. ficient goal-directed deep reinforcement learning method

(8] VAFADAR A, HAYWARD K, TOLOUEI-RAD M. for robot visuomotor skill[J]. Neurocomputing, 2021,
Drilling reconfigurable machine tool selection and pro- 462: 389-401.
cess parameters optimization as a function of product de- [18] SILVER D, HUANG A, MADDISON C J, et al. Master-
mand[J]. Journal of manufacturing systems, 2017, 45: ing the game of go with deep neural networks and tree
58-69. search[J]. Nature, 2016, 529: 484-489.

[9] wu X1u11, LI Jll’lg Two layered approaches integrating [19] VINYALS O, BABUSCHKIN I, CZARNECKI W M, et
harmony search with genetic algorithm for the integrated al. Grandmaster level in StarCraft II using multi-agent re-
process planning and scheduling problem[J]. Computers inforcement learning[J]. Nature, 2019, 575: 350-354.

& industrial engineering, 2021, 155: 107194. [20] BERNER C, et al. Dota 2 with large scale deep reinforce-

[10] MA GH,ZHANGY F,NEE A'Y C. A simulated anneal- ment learning[EB/OL]. (2019—10~1)[2021—1214].
ing-based optimization algorithm for process planning[J]. hitps://arxiv.org/abs/1912.06680
International journal of production research, 2000, [21] MNIH V, KAVUKCUOGLU K, SILVER D, et al. Play-
38(12): 2671-2687. ing atari with deep reinforcement learning[EB/OL].

vil A ALY A YRR 2L ST A4 .

(1] tfl, M3, BB, 5. 3 IR T 19 Z ALY (2013-12-19) [2021—-12—14]. https:/arxiv.org/abs/1312.
] 25 ST SE (1. H k74, 2021, 47(7): 5602
1610-1623.

[22] LUO Shu, ZHANG Linxuan, FAN Yushun. Dynamic
SHI Wei, FENG Yanghe, CHENG G t al. Re-
e anghe, vangquan, et al. te multi-objective scheduling for flexible job shop by deep
search on multi-aircraft collaborative air combat method . . . . .
reinforcement learning[J]. Computers & industrial engin-
based on deep reinforcement learning[J]. Acta automat- .
eering, 2021, 159: 107489.
ica sinica, 2021, 47(7): 1610-1623. L.
[23] SCHAUL T, QUAN J, ANTONOGLOU 1, et al. Priorit-
[12] ZHOU Wenhong, LIU Zhihong, LI Jie, et al. Multi-target . .
ized experience replay[EB/OL]. (2016—2-25) [2021-12—
tracking for unmanned aerial vehicle swarms using deep i
14]. https://arxiv.org/abs/1511.05952.
reinforcement learning[J]. Neurocomputing, 2021, 466:
285207 [24] VAN HASSELT H, GUEZ A, SILVER D. Deep rein-
. * . . N N forcement learning with double Q-learning[EB/OL].
(13] Ex=M, FI. B TR AT A A E Sk (2015-12-8)[2021-12-14], https: arxiv.org/abe/L509
-12- —12—14]. https://arxiv.org/abs .
Pl (7). B ShEEAR, 2019, 45(12): 2366-2377. P g
06461.
WANG Yunpeng, GUO Ge. Tram signal priority control
) . [25] LIU Xiaojun, YI Hong, NI Zhonghua. Application of ant
based on deep reinforcement learning[J]. Acta automat-
ica sinica, 2019, 45(12): 2366-2377, colony optimization algorithm in process planning optim-
ization[J]. J 1 of intelligent facturing, 2013
[14] GUO Ge, WANG Yunpeng. An integrated MPC and deep ization{J]. Journal of intelligent manufacturing, ’
. . . . 24(1): 1-13.
reinforcement learning approach to trams-priority active
signal control[J]. Control engineering practice, 2021, EEE I
110(5): 104758. oS O e w1 S A S =¥ | S
[15] PENG Bile, KESKIN M F, Kulcsér B, et al. Connected 1 ER BE S AL~ R T L T I

autonomous vehicles for improving mixed traffic effi-
ciency in unsignalized intersections with deep reinforce-
ment learning[J]. Communications in transportation re-

search, 2021, 1: 100017.

mﬁﬁo


http://dx.doi.org/10.1016/j.matpr.2021.05.307
http://dx.doi.org/10.1016/j.matpr.2021.05.307
http://dx.doi.org/10.1016/j.eswa.2016.08.019
http://dx.doi.org/10.1016/j.eswa.2016.08.019
http://dx.doi.org/10.1016/j.jmsy.2017.08.004
http://dx.doi.org/10.1080/002075400411420
http://dx.doi.org/10.16383/j.aas.c201059
http://dx.doi.org/10.16383/j.aas.c201059
http://dx.doi.org/10.16383/j.aas.c201059
http://dx.doi.org/10.16383/j.aas.c201059
http://dx.doi.org/10.1016/j.neucom.2021.09.044
http://dx.doi.org/10.1016/j.commtr.2021.100017
http://dx.doi.org/10.1016/j.commtr.2021.100017
http://dx.doi.org/10.1016/j.commtr.2021.100017
http://dx.doi.org/10.16383/j.aas.c190547
http://dx.doi.org/10.16383/j.aas.c190547
http://dx.doi.org/10.1016/j.neucom.2021.08.023
http://dx.doi.org/10.1038/nature16961
http://dx.doi.org/10.1038/s41586-019-1724-z
https://arxiv.org/abs/1912.06680
https://arxiv.org/abs/1312.5602
https://arxiv.org/abs/1312.5602
https://arxiv.org/abs/1511.05952
https://arxiv.org/abs/1509.06461
https://arxiv.org/abs/1509.06461
http://dx.doi.org/10.1007/s10845-010-0407-2
http://dx.doi.org/10.1016/j.matpr.2021.05.307
http://dx.doi.org/10.1016/j.matpr.2021.05.307
http://dx.doi.org/10.1016/j.eswa.2016.08.019
http://dx.doi.org/10.1016/j.eswa.2016.08.019
http://dx.doi.org/10.1016/j.jmsy.2017.08.004
http://dx.doi.org/10.1080/002075400411420
http://dx.doi.org/10.16383/j.aas.c201059
http://dx.doi.org/10.16383/j.aas.c201059
http://dx.doi.org/10.16383/j.aas.c201059
http://dx.doi.org/10.16383/j.aas.c201059
http://dx.doi.org/10.1016/j.neucom.2021.09.044
http://dx.doi.org/10.1016/j.commtr.2021.100017
http://dx.doi.org/10.1016/j.commtr.2021.100017
http://dx.doi.org/10.1016/j.commtr.2021.100017
http://dx.doi.org/10.16383/j.aas.c190547
http://dx.doi.org/10.16383/j.aas.c190547
http://dx.doi.org/10.1016/j.neucom.2021.08.023
http://dx.doi.org/10.1038/nature16961
http://dx.doi.org/10.1038/s41586-019-1724-z
https://arxiv.org/abs/1912.06680
https://arxiv.org/abs/1312.5602
https://arxiv.org/abs/1312.5602
https://arxiv.org/abs/1511.05952
https://arxiv.org/abs/1509.06461
https://arxiv.org/abs/1509.06461
http://dx.doi.org/10.1007/s10845-010-0407-2

+35- P ZEER, 5. BT IREE IR AL 7 ) B9 RE T Z & R BT Ik 55 1 3]

T, B LS, TR
3 0 4 R S R 7 1 B AR A Sk
FIERFFE Iy I 3 FAREAR AR 3
BB s AERE R DR AL . TR
HLE 1 SRR SR 400 2 35
P 5 R B B 1 T TR 1
RIS | 0B AR
BHILRIE AT 130, & R RSSO B R

aER, B, kS, =5
SR 7 10 A B AR S ik,
T MARR R B ] 40 43001, BT i
FEVERL 100 RI, KF2EARIB L 200
Ak, BAREEARZEE 13,

5
-

2023 2 ER N TR BB TS (2023 GAIIC ) —FLikPhlik s

2023 4 ER N T8 RE AR B K PE (2023 GAIIC) — 5 B B AR IR IEAF B 5 & i, 1T 2023 4F 2 HE 6 A
2600, SR T B e AR A8 K FE (GAIIC) — 57 Bk A 38 b BN T8 B 2A 2 At M T At XN R B 4L
[ B I, KFET 2 FE PR AOUEF, RAETTRHE S50 A0, #EVEA TR SR E AR AA R 3% R KRB
DI B A N S RA, 4 TE N TR REM AA L& 5 A S E .

KB4 ORI T W, BiWs] 73k BENANER . A4 DL ZBHFHLFSZE 17000 4% 37 ALK
HBFE, BTN N N T BEAE T B S sh 22— DR KRFEICEE AR R, 3848 5 w1 55
BiZ . CAAL BEE K | o[ TR BE B 1 L T AR R 2415 B2= BEBi 1< . CAAI Fellow #3515, CAAT BIFEE K |
= TR BEBt 1t . CAAI Fellow RS, CAAT BB | o E TREBE Bt . TR 4 H B B2 % . CAAI Fellow 1
BAR, CAAT I F K | v E TR L BERE LR B TR AR5 J 0 4T . CAAI Fellow B FH VL,
CAAL W5 =h b E T REBebe 1+ . WIr K22 ##2 . CAAI Fellow T#ERG, KR BLF#Be s E B+ . JE K2 A T8
REBF T B 55 B B 1 . CAAI Fellow M4, CAAT @RI K | BRUNFF % b /NS B 1+ | B ot K2 A T8 e~ b
i . CAAI Fellow J& 5L R4HAT

2023 EEMXKI -

4 4HBh: 2~3 H

¥3E: 3~4 A

. 4~5 A

YeE. 6 A

PEFENG TR T 2890, 28 I b s AN T RS BHEE 3K, 315 38 W0 %2 M 41k : http://www.caai.cn/index.php?s=/
home/article/detail/id/2379.html,



