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Research on the optimization of flexible flow shop
scheduling based on deep learning

HAN Zhonghual’z, LI Kaijial, ZHOU Xiaofengz, WANG Jina’, SUN Liangliang1

(1. Faculty of Information and Control Engineering, Shenyang Jianzhu University, Shenyang 110168, China; 2. Department of Digit-
al Factory, Shenyang Institute of Automation, the Chinese Academy of Sciences, Shenyang 110016, China; 3. Liaoning Information
Security and Software Testing & Certification Center, Liaoning Province’s Construction and Engineering Center for Advanced
Equipment Manufacturing Base, Shenyang 110001, China)

Abstract: The global optimization algorithm for solving the production scheduling optimization problem of the flexible
flow shops often adopts the group evolution algorithm or the mathematical programming algorithm. In the process of
scheduling and optimizing new production tasks, these optimization methods need to perform time-consuming iterative
optimization calculations again every time. Therefore, an intelligent scheduling optimization method based on deep
learning is proposed to solve above problem. Through historical production data training, a sequence-to-sequence
(Seq2Seq) deep learning model based on gated recurrent unit (GRU) is used to focus on the correlation between the pro-
duction task information and process information in the scheduling data and the scheduling results. And further this cor-
relation is used as the input of the model encoder; and the output of the model decoder is the on-line sequence of the
workpiece. According to the on-line sequence, effective scheduling results can be quickly given, and the accuracy and
speed of optimization can be further improved by introducing an attention mechanism. The results of simulation experi-
ment show that the flexible flow shop scheduling optimization method based on deep learning can quickly obtain better
scheduling optimization results.

Keywords: deep learning; production scheduling optimization; processing on-line sequence; flexible flow shop; gated

recurrent unit; sequence-to-sequence; attention mechanism; historical production data
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Table 2 Changes in data dimensions
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Fig. 7 Relationship between the loss value and the num-
ber of iterations under different numbers of neur-
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Fig. 8 Relationship between the loss value and the num-
ber of iterations under different learning rates

2 3 B R MR B 2 S BRI 2R B, 2
> Bt R oA R T 8, ) it /N R B
PRI S AR . K] 8 AT L Y, 422>
%k 0.01 B, SeqGRU A5 (1) 461 2 MG S i, 1K
SR e, 28 b2 AL, R T TEE S R
P2 TCAEH 256, BRI 2% 2] 258 0.01,
3.2.2 SeqGRU A K A R ) £ Al A 22 7L 4 #7

A CA# ] GRU #4 & Seq2Seq &l it 2 15 7%
FERS A, AT S0 0IE ] 42 1 B 5 0 pft 28 0 X A5 A8
A R, AR SCBEE T 2 4 [A) 2 R 0 2 RE e o
W2 AT T X EL S5, 4350 R e 1) Gt B 4 A B
#25 LSTM™ 11 Seq2Seq 171 ; 2) 4 fith £ il A 7y
# A GRU 1Y Seq2Seq i . W # #ft 2 o0
N 256, BRI ST KU 0.01, BRI A AF BRI 2
H 5 EARREOCRWE 9. 10 i,

4.0

0 20 40 60 80 100 120 140 160 180 200
BEARIREL
9 FREEEMEHEREK NI SeqGRU KB K H
5&RRBIXFE
Fig. 9 Relationship between the loss value of the SeqGRU
model and the number of iterations by different
types of intelligent decision-making networks

1.2
1.0 — GRU
N 08l ~ -LSTM
4 0.6
0.4
0.2 g
L P 1 1 1 1 1 1 J
0 20 40 60 80 100 120 140 160 180 200
AR REL
10 FAREEBHZEERKMEIT SeqGRU ERIEE S

ERREH X R
Fig. 10 Relationship between the accuracy of the SeqGRU
model and the number of iterations by different
types of intelligent decision-making networks

MIE 9. 10 °] LLFE i, 4 ff i 2% i GRU #i
LSTM #B 0 DUA: jliA 2 i HE = 25 5 . LSTM Il 25
Kk 950 s, GRU Il 2Kl 640 s, GRU #H F
F LSTM Il Zibf [a] B, H AFAH R AC IR BT,
GRU Y451 2 (5 FOKS B 8 200 T LSTM, X &K
GRU %5 #4 b LSTM &5 #4 ¥ fij 88, GRU M L F
LSTM b 1T —Aici2 4, 50728 /0, Ab BT [l
AR AR o 25 b, Mm% AR 25 0 GRU M 4%
A, R A sk SR i i ELTH R AT TR R IR B D
3.2.3 SeqGRU A F 7] NiE & /) AU 447

TR I HUTIAR I Iy st AR 7= s v i TR R
R T A AR, VA TR L A
it 5 25 1 T RO, AR R R B RS B R as AT R
FE R T WL AR R R ) g i 2 5 D 2 22 ]
WCE R GRU A 2 T H0h 256, BRI 24 )
o 0.01, AR EE A E RS E 11,12,

4.0

3.0 — HHER
o - KEEN
£ 2.0
El’-\:::

1.0 ~

0 20 40 60 80 100 120 140 160 180 200
AR
E11 SINEEONHERXESERIBNELR
Fig. 11 Relationship between the loss value and the num-
ber of iterations after the introduction of the atten-
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Table 3 Attention mechanism comparison
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Table 4 Small-scale data algorithm comparison
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Table 5 Large-scale data algorithm comparison
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