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Abstract: Studying the dynamic flexible job-shop scheduling problem (DFJSP) is of great significance for effectively
controlling production processes and enhancing enterprises’ economic profitability. Existing studies mostly only consider
machine selection flexibility and dynamic production scenarios; however, a more complex issue of flexible process sequence
exists in practical production. Specifically, in scenarios like customized equipment manufacturing, job processing opera-
tions can be divided into several groups according to process requirements. There are no mandatory processing sequence
constraints apply to operations within the same group, whereas strict processing sequence constraints must be followed
between different groups. The introduction of this flexible process sequence significantly increases the complexity of the
problem’s search space, leading to a substantial extension of solution time. Therefore, by integrating the practical produc-
tion needs of customized equipment manufacturing workshops, this paper comprehensively considers machine selection
flexibility, flexible process sequence, and the dynamic characteristic of new job arrivals, and proposes the dynamic multi-
flexible job-shop scheduling problem (DMFIJSP) with the optimization objective of minimizing the average flow time. To
solve this problem, a genetic programming (GP) method based on individual simplification is proposed which analyzes
the structural complexity of individuals by introducing dynamic terminal node frequency, and sets a penalty function dur-
ing the fitness evaluation stage to guide population evolution-ultimately simplifying individual structures and reducing GP
training time. To verify the effectiveness of the proposed method, tests are conducted under three different production sce-
narios. The results demonstrate that the method can significantly shorten computation time while ensuring solution quality;
when addressing larger-scale and more complex problems, it exhibits fast convergence and can obtain satisfactory solutions
within a reasonable time frame.
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Fig. 4 Average fitness curves for CCGP using differ-
ent proportions of penalty functions in three

production scenarios, derived from 30 indepen-

dent runs with identical training duration

S A3 N A

ST T N A

184 -
ZHE
| TTGP-ISP(0.
180 - i (D
* TTGP-ISP(0.2)
4 TTGP-ISP(0.3)
176 - -+ TTGP-ISP(0.4)
172 -
168 - I I I
0 50 100 150

YIRS ] / min
(a) TTGP-ISP(Ops—3) AN FIE F 4 HL 033 R 148

SHUE

TTGP-ISP(0.1)
* TTGP-ISP(0.2)
4 TTGP-ISP(03)
+ TTGP-ISP(0.4)

210 -

205 -

200 -

! !
0 50 100 150
YIZKIE ] / min

(b) TTGP-ISP(Ops=4)A~[RIHE T bR I 5 LU A3 97 B i 2

b
250 -
‘ SHHE
TTGP-ISP(0.1)
240 - \ * TTGP-ISP(0.2)
o L+ TIGPISP(3)
i %+ TTGP-ISP(04)
)
o 230 -
}:‘_
220 -
| | | |
0 100 200 300

YIZ5ET ] / min
(c) TTGP-ISP(Ops=5)/F& 51 BREL 7 LU (1738 I 2 ih 28

K 5 TTGPANA &3] o Kb LUl ELAE 3R A 7 5t
HAR R I ZRIN (8] R A SZIE AT 3045 3 (175
BV R

Fig. 5 Average fitness curves for TTGP using differ-
ent proportions of penalty functions in three
production scenarios, derived from 30 indepen-
dent runs with identical training duration
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Table 6 The mean of training time (in minutes), standard deviation, and confidence intervals
from Wilcoxon rank - sum test for different algorithms over 30 independent runs in

three production scenarios
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Table 7 The mean of optimal fitness, standard deviation, and confidence intervals from
Wilcoxon rank-sum test for different algorithms over 30 independent runs in three
production scenarios

s CCGP CCGP-C?s CCAGP CCGP-ISP TTGP TTGP-ISP
168.61(0.22)
168.05(0.20 168.26(0.36 ~)(—0.11,0.26 168.51(0.20
Fmean, ¢ 52(0.19) (0-20) (0-36) (=) ,0.26) 168.55(0.13) (0.20)
Ops =3 (~)(—0.03,0.47) (~)(—0.17,0.42) (~)(—0.03,0.40) (~)(—0.04,0.13)
(~)(—0.08,0.28)
198.47(0.24)
198.55(0.20 198.64(0.24 ~)(—0.05,0.17 198.31(0.20
Fmean, g4 550.15) (0.20) (0.24) (=) ,0.17) 198.50(0.12) (0.20)
Ops =4 (~)(—0.08,0.09) (~)(—0.20,0.02) (~)(—0.18,0.06) (~)(—0.03,0.31)
(~)(—0.28,0.02)
215.57(0.30)
F 215.58(0.30 215.59(0.20 ~)(—0.05,0.34 215.53(0.18
e 915.60(0.26) (0-30) (020) ~(%)(=0.05,084) . 6 19) (0.18)
Ops =5 (~)(—0.03,0.26) (~)(—0.09,0.12) (~)(—0.22,0.06) (~)(—0.05,0.13)
(~)(—0.30,0.07)
i Fmean,Ops=3
%x 155 8 CCAGP # CCGP-C?S * TTGP
5175 - CCGP  +CCGP-ISP < TTGP-ISP
2 170 - - = — .
B 10 20 30 40 50
YIZRIS ] / min
i Fmean,Ops=4
B 25 CCAGP + CCGP-C?S > TTGP
2 5. - CCGP  +CCGP-ISP = TTGP-ISP
® 200 - % ‘?ffy = 58—
B 0 50 100 150

YIZEET ] / min

i Fmean,Ops=5
B 0 CCAGP  # CCGP-C*S > TTGP
5 20- CCGP  +CCGP-ISP < TTGP-ISP
& 220- ‘ B e — = = B Y
b 0 100 200 300
WIZKIN ] / min
Bl 7 ARISEAE 3R AE =5 P AR R RIS 8] N ARSZIZ 4T 300045 2T 205@ B Hh 28
Fig. 7 Average fitness curves for different algorithms over 30 independent runs under identical training
time in three production scenarios
5 4k ANZ HFRRAHEZE LR AL 2> B AR, BEAR, ARG

ARSI FE B 25 22 Fe AR M 75 (R) R RS i L, A R
fif 1% 1n) R, 2 AR TR A B I8 AR BRI T 1, BhES
Sty 11 ST SRR SR 5 LR T, 4B A
T N7 FE VA RS RS20, 38 3 7 T oR B0 55 5h A K
1 R AR TE AR B A AR A, b 4
GPiH LI ). S IGUE % 7 V78 R, AR SCHE3A A 77
Wy I LhoMp vk, 85 R BOR, Z 7 EE AR GP
PEREIIFIR, 3 40 00 HT SR B) . FELCRA -, R4t
BfF 0K M 0] RS SRV 9 7 T R T 1) AL T ISP
GPJ7 A EAE T 5§ B AREAL )8, KR ] fEGPH 5]

FEHAMAT S TGN VT FAR T, R iR S B A A A
8555 2) 38 A QR A A 2R 3 A0 3 L E VP A 1L A,
AR TS, $ETTGPAE SR % P ) T S

S0k

[11 YANG B, WANG S, LIS, et al. A robust service composition and op-
timal selection method for cloud manufacturing. International Jour-
nal of Production Research, 2022, 60(4): 1134 — 1152.

[2] LIU Qiang. Study on architecture of intelligent manufacturing theory.
China mechanical engineering, 2020, 31(1): 24 — 36.
OO, 2R fil 1136 0 1A R A 7. R EHLAR A%, 2020, 31(1):
24 -36.)



%12 4 RIS AT IR R g 225 2 Tk A L 2R A1 )t 2597
[3] FARAYOLA O A, OLORUNFEMI O L, SHOETAN P O. Data pri- 2242 - 2248.

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

vacy and security in it: A review of techniques and challenges. Com-
puter Science & IT Research Journal, 2024, 5(3): 606 — 615.

DAUZERE-PERES S, DING J, SHEN L, et al. The flexible job shop
scheduling problem: A review. European Journal of Operational Re-
search, 2024, 314(2): 409 — 432.

REN W, YAN Y, HU Y, et al. Joint optimisation for dynamic flex-
ible job-shop scheduling problem with transportation time and re-
source constraints. International Journal of Production Research,
2022, 60(18): 5675 — 5696.

LU Yan, XU Zhengjun, LI Congbo, et al. Comprehensive energy
saving optimization of processing parameters and job shop dynam-
ic scheduling considering disturbance events. Journal of Mechanical
Engineering, 2022, 58(19): 242 — 255.

(EE, IRIEZE, I, 5. ISR FARHIN T L2285 %
BN BELR S REPLAL. HUMIRE 4R, 2022, 58(19): 242 - 255.)
BAYKASOGLU A, MADENOGLU F S, HAMZADAY A. Greedy
randomized adaptive search for dynamic flexible job-shop schedul-
ing. Journal of Manufacturing Systems, 2020, 56(4): 425 —451.

LEI K, GUO P, WANG Y, et al. Large-scale dynamic scheduling for
flexible job-shop with random arrivals of new jobs by hierarchical re-
inforcement learning. /IEEE Transactions on Industrial Informatics,
2023, 20(1): 1007 — 1018.

ZHAO L, FAN J, ZHANG C, et al. A DRL-based reactive scheduling
policy for flexible job shops with random job arrivals. IEEE Transac-
tions on Automation Science and Engineering, 2024, 21(3): 2912 —
2923.

LIU R, PIPLANI R, TORO C. Deep reinforcement learning for dy-
namic scheduling of a flexible job shop. International Journal of Pro-
duction Research, 2022, 60(13): 4049 — 4069.

VITAL-SOTO A, BAKI M F, AZAB A. A multi-objective mathe-
matical model and evolutionary algorithm for the dual-resource flexi-
ble job-shop scheduling problem with sequencing flexibility. Flexible
Services and Manufacturing Journal, 2023, 35(3): 626 — 668.
ZHANG S, LI X, ZHANG B, et al. Multi-objective optimisation in
flexible assembly job shop scheduling using a distributed ant colony
system. European Journal of Operational Research, 2020, 283(2):
441 - 460.

HU Ruiqi, CHENG Hui, ZHANG Zhinan. Solving job shop schedul-
ing problem with flexible process sequence based on expression tree
model. Computer Integrated Manufacturing System, 2024, 30(6):
2036 —2043.

(AT, FERE, SRR . i T2l s U AR It P S P8 2 1 38 P52 T AR
L. TSNS RGRIIE R4, 2024, 30(6): 2036 —2043.)

WEI Guangyan, YE Chunming. Research on distributed and multi-
flexible assembly job-shop scheduling problems. China Mechanical
Engineering, 2023, 34(20): 2442 — 2455.

G, B, A2 2 F IO Y 57 R 30 B o) A 5. vh
HUCTAZ, 2023, 34(20): 2442 — 2455.)

XIONG H, FAN H, JIANG G, et al. A simulation-based study of
dispatching rules in a dynamic job shop scheduling problem with
batch release and extended technical precedence constraints. Euro-
pean Journal of Operational Research, 2017, 257(1): 13 — 24.
OUKIL A, EL-BOURI A. Ranking dispatching rules in multi-
objective dynamic flow shop scheduling: A multi-faceted perspec-
tive. International Journal of Production Research, 2021, 59(2): 388
—411.

MURAD S A, MUZAHID A J M, AZMIZ R M, et al. A review on
job scheduling technique in cloud computing and priority rule based
intelligent framework. Journal of King Saud University-Computer
and Information Sciences, 2022, 34(6): 2309 — 2331.

WANG Yan, DING Yu. Optimal scheduling and decision making
method for dynamic flexible job shop. Journal of System Simulation,
2020, 32(11): 2073 — 2083.

CE#, T 5= SIAFEAR LM RAL T BE 5 IR FTE. RGN IHE
R, 2020, 32(11): 2073 - 2083.)

ZHANG Guohui, LU Xixi, HU Yifan, et al. Machine breakdown
rescheduling of flexible job shop based on improved imperialist com-
petitive algorithm. Journal of Computer Applications, 2021, 41(8):

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

KRB, REERER, #H— L, 5. BT oot B 58 S ARSI 2R
TINLES A A . THELURI, 2021, 41(8): 2242 - 2248.)
SHANG Zhengyang, GU Jinan, TANG Shixi, et al. Comparative
study on application performance of several metaheuristic algorithm-
S. Machinery Design & Manufacture, 2021, 4: 34 — 38.

(HIERH, Barmg, LR, 45, Bhxt UM oc R R A SER R PR
EEWEFE. HUb st Slie, 2021, 4: 34 - 38.)

LUO S, ZHANG L, FAN Y. Real-time scheduling for dynamic
partial-no-wait multiobjective flexible job shop by deep reinforce-

ment learning. /IEEE Transactions on Automation Science and En-
gineering, 2021, 19(4): 3020 — 3038.

SHID, FAN W, XIAO 'Y, et al. Intelligent scheduling of discrete auto-
mated production line via deep reinforcement learning. International
Journal of Production Research, 2020, 58(11): 3362 — 3380.

SONG W, CHEN X, LI Q, et al. Flexible job-shop scheduling via
graph neural network and deep reinforcement learning. /EEE Trans-
actions on Industrial Informatics, 2022, 19(2): 1600 — 1610.

ZHANG F, MEI Y, NGUYEN S, et al. Survey on genetic program-
ming and machine learning techniques for heuristic design in job shop
scheduling. IEEE Transactions on Evolutionary Computation, 2023,
28(1): 147 - 167.

ZHANG F, MEI Y, NGUYEN S, et al. Evolving scheduling heuristics
via genetic programming with feature selection in dynamic flexible
job-shop scheduling. IEEE Transactions on Cybernetics, 2020, 51(4):
1797 — 1811.

ZHOU Y, YANG J, HUANG Z. Automatic design of scheduling poli-
cies for dynamic flexible job shop scheduling via surrogate-assisted
cooperative co-evolution genetic programming. International Journal
of Production Research, 2020, 58(9): 2561 — 2580.

XU M, ZHANG F, MEI Y, et al. Genetic programming with archive
for dynamic flexible job shop scheduling. The IEEE Congress on Evo-
lutionary Computation (CEC). Krakéw, Poland: IEEE, 2021: 2117 —
2124.

ZHU L, ZHANG F, FENG M, et al. Crossover operators between
multiple scheduling heuristics with genetic programming for dynam-
ic flexible job shop scheduling. The IEEE Congress on Evolutionary
Computation (CEC). Yokohama, Japan: IEEE, 2024: 1 - 8.

CHEN X, LIJ, WANG Z, et al. Optimizing dynamic flexible job shop
scheduling using an evolutionary multi-task optimization framework
and genetic programming. /IEEE Transactions on Evolutionary Com-
putation, 2025, 29(5): 1502 - 1516.

SCHWEIM D, WITTENBERG D, ROTHLAUF F. On sampling er-
ror in genetic programming. Natural Computing, 2022, 21(2): 173 —
186.

ZHANG F, MEI Y, NGUYEN 8§, et al. Correlation coefficient-based
recombinative guidance for genetic programming hyper heuristics in
dynamic flexible job shop scheduling. IEEE Transactions on Evolu-
tionary Computation, 2021, 25(3): 552 — 566.

ZHANG F, MEI Y, NGUYEN 8§, et al. Collaborative multifidelity-
based surrogate models for genetic programming in dynamic flexible
job shop scheduling. IEEE Transactions on Cybernetics, 2021, 52(8):
8142 - 8156.

VB A

I8 AR U w7l e M S B R I WA LIPS R = PR U A )

E-mail: 1307541283 @qq.com;

e

Yo, 1AW, B OATHF TS O R A S R,

E-mail: wygong@cug.edu.cn;

TRERE R, WA W, H AT A I TR RIS

V25 7R 8RR, B-mail: zgh09 @zua.edu.cn;

Sl

R, ARSI, HRTHTSCT R o AL (R 23

AR AR S 842K, E-mail: luchao@cug.edu.cn.



