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Abstract

A continuous stirring tank reactor ( CSTR) is classic chemical equipment widely used in

Keywords

two continuous stirring tank
chemical processes. The traditional control methods fail to meet the precision requirements of reactors ;
tracking control because of their strong nonlinearity and associated time delay. Thus, in this study, deep reinforcement learning;
we propose a tracking control method of proximal policy optimization (PPO) based on generalized nonlinear system;

proximal policy optimization
(PPO) algorithm;

generalized state-dependent

state-dependent exploration ( gSDE) for continuous stirred reactors. First, the mechanism model
simulates the real environment and interacts with the PPO agent. Second, gSDE is used to make
the exploration of each round more stable and with less variance, ensuring the effect of exploration.
Finally, a feedback reward is added to resolve sparse reward issues in the environment, such that exploration
the agent can learn how to track and control the CSTR. The algorithm is applied to a double CSTR

system to examine its effectiveness. Our simulation results show that the algorithm exhibits a stable

training process, small control error, and rapid response to disturbance.
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Tab.1 Model parameters of a dual CSTR system
AR AT S Bl AL
CSTRI f{ARLV, 4.489 m’
CSTR2 iR V, 5.493 m’

CSTRI 1y 171 1 8 %% K, 0.16
CSTR2 (5 1 11 1 % % K, 0.256 m*?/s
LA ESe CSTRI LI U, 0.35 m’/s
TR CSTR2 ML vEFR U,  0.35 m’/s

IEILEE R E/R 6 000 K
S HAREL AH 5 m® « K/mol
R 48 e 2 1 i 4 K, 2.7 x10° 57!
CSTR1 B HIJeERF V,, 1 m’
CSTR2 B HIJEMRF V), 1 m’
CSTR1 A LR Q) 0.339 m®/s
CSTR2 A i & Q) 0.261 m*/s
CSTRI1 (¥R EK I & Qe 0.45 m*/s
CSTR2 ¥ HI/K i Qcwn 0.272 m*/s
CSTR1 WA IR T, 300 K
CSTR2 (YA R T, 300 K
CSTRIL ¥ EFI A TR Tey, 300 K
CSTR2 A HIFIMATTIEIE Tey, 300 K
CSTRI YA HHREE C,, 20 mol/m’
CSTR2 YA\ HWRE C), 20 mol/m’
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tegral of square error, ISE) Fllfx K46 % 1% 22 ( maximal
deviation from setpoint, DEV™) | H.{& ik L ¢
[23],
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Tab.4  Control results of different algorithms for T,

Ak IAE ISE DEV™
PPO-gSDES 7.751 7.735 1.984
PPO-gSDE64 8.197 7.780 2.004
PPO-¢SDE32 8.331 7.820 1.991
PPO-gSDE2 9.136 7.822 2.000

PPO 10.601 8.160 2.028
NMPC 7.798 7.761 1.995
PID 10.088 9.011 2.035
SAC 23.542 12.746 2.223
275 ik

55 R To 7R

Tab.5 Control results of different algorithms for T,

P IAE ISE DEV"™
PPO-gSDES 8.072 7.738 1.993
PPO-gSDE64 8.482 7.912 1.995
PPO-gSDE32 8.945 8.116 2.013
PPO-gSDE2 12.048 7.865 2.012

PPO 9.220 8.356 2.029
NMPC 9.221 8.460 2.000
PID 10.665 8.623 2.035
SAC 26.864 14.614 2.073
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s R GE R BRER PR, REAS - R D AR R Y
W, LI CSTR 258 WA i

5 g

TR T 3T IR s~ 10 22 A 2 i i
FRGERIERER ], VI ZRA 3R RE 1A RE 08 B i sk
HARERXF X CSTR R GEHEAT F 1 I35 21 3 B2 ) 55
Heo R A FIEMEE ) SOIRETRR AT LIAELR
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AEH., Gad IR BB A SR o 2K il R B
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Ho PTHEREM, PPO-gSDE 53k 15 & G i) 42 il
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