F 43 F o H 31 b % & Vol. 43, No. 6
2017 % 6 H ACTA AUTOMATICA SINICA June, 2017
Ny =B =
R FRIES — BMESRE
FREEY EAX' EHEER
B B OMROERE - REENN TR REARG R REM S, S 2 TSR R T A 25240

W B REGE AR R B T AR B T ORI S 0. IR =T, G R R A R TR ENRE. (HE T
FEA B RN AR, DL IS B BRI i, I IR R R TG & BhER. A S FR MR R, b T
ST e A, LR B (s ) SRR AT G T, RIS IR T AR SR AT BRI R R T ).

X HEUOTRE, AR, G S R, R A

SIAME FEE, WEN, R, MU EER — RS RE. BaihFR, 2017, 43(6): 933—943

DOI 10.16383/j.2as.2017.¢170131

Batch Process Control — Overview and Outlook

LU Jing-Yi' CAO Zhi-Xing! GAO Fu-Rong"?

Abstract Batch process is an important class of chemical processes. Due to its high flexibility and versatility, it has found
wide application in industry such as semi-conductor manufacturing, polymer processing, and pharmaceutical production.
Meanwhile, efforts have been made in the research on control algorithms for batch processes. In the past 30 years, batch
process control has achieved significant developments. However, due to its complexity and increasing requirements on
control precision, there are still many challenging problems in this field. In this paper, starting from the nature of batch
process, we address the challenges in this field, review the development of control strategies, analyze several classical

control algorithms, and discuss the future development of batch process control.
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Fig.2 Control scheme of adaptive control
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learning control
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Fig.4 Iterative learning predictive control with

terminal constraints
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Fig.5 Illustration of uneven length phenomena
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