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Neural Model Predictive Control
for
Nonlinear Chemical Processes
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Process Systems Laboratory, Dept. of Chem. Eng., KAIST
373-1 Kusong-dong, Yusung-gu, Taejon 305-701, Korea

Abstract
A neural model predictive control strategy
combining neural network for

a plant

identification and a nonlinear programming
algorithm for solving nonlinear control problems
is proposed. A constrained nonlinear optimization
successive quadratic
with
identification network is used to generate the
the

continuous / batch chemical reactor systems that

approach using

programming cooperates neural

optimum control law for complicate
have inherent nonlinear dynamics.

Based on our approach, we developed a
neural model predictive controller (NMPC) which
shows excellent performances on nonlinear,
model-plant mismatch cases of chemical reactor
systems.
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subject to
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Con tii Tank Reactor for the r¢

A1 3B—5>C
non-isothermal consecutive reaction model
Ref.: Costas Kravaris & Raymond A. Wright,
AIChEJ. September 1989, Vol.35, No.9, pp1535-1542

1. Maintain the concentration of B
2. Regulating the Reactor Temperature
Heat input Q

Control Objectives :

Manipulative input :
Ai, Ti

-

I heat input, Q

A B CT
(a) reactant mass balance

A4 =Ef (A A)- kA

(b) product mass balance

B/ =~E{ (By+kA*~k,B

(c) energy balance

d% %(n—rnm’

ki = Awexp(-E./RT) , k:= Avexp(~E:/RT)

kB AH, t—o
)+ (pC’ )+ 0( )

Reaction Design :
Constants and Steady-State operating Conditions

Ai=lkmol/m’
A =11m’/kmol.s

A, =172.2m* / kmol.s

E, = 4180kJ /kmol'K

E, =34833kJ /kmol'K

p = 1000kg / m*

C =1kJ/kgC

F=10m'/s
AHl = 418000kJ / kmol'K

AH_ = 418000kJ /kmol' K

R =8.314kJ /kmol'K

V =100m’
=25C(298.15K)

Tss = 150'C(423.15K)

Tsp = 160'C(433.15' K)

1d = 10s
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iams-Otto Plant
{Continuous Stirred Tank Reactor)

Ref.:
1. Williams T.L and R.E. Otto,
Trans. Am. Inst. Elect. Engr., 79, 458-473 (Nov., 1960)
2. McFarlane, C.R. & D.W. Bacon,
Ind. Eng. Chem. Res., 1989, 28, 1828-1845.

Control Objectives :
1. Maintain the concentration of product P (Xp)
at desirable operating level
using regulation of two related state variables
3(Xe & Xg as y1 and y2 respectively)
2. Rejecting the feed disturbance (feed B (Fbi))

Manipulative input ; Reactant Feed A (Fai) as ul
Cooling water temperature T as u2

Fai(lb/min) as U1  Fbi(lb/min) as Disturbance
Reactant Feed A Reactant Feed B

(Xai) I [ (Xbi)

cooling water, T

q—
| Xa, Xb, Xc, Xe, Xg,Xp

Reaction Design

A+B-=C
C+B—23P+E
P+C—2>G

y —rxl—-Xa
/ —rxl rx2—Xb
= 2rx1 2rx2-rx3-Xc
dXe/ - 2rc2- Xe
g/ _ 1.5rx3-Xg
JXPZ; =rx2-0.5rx3-Xp
rx1=5.9755E9exp(-12000/T) XaXb pV / (60 Fr)

rx2 = 2.5962E12exp(-15000/ T) XbXc pV { (60Fr)
rc3=9.6283E15exp(-20000/ T) XcXp oV / (60Fr)

Fr= Fai+ Fbi
p=S0Ib/ ' , V=60
Xi = mass fraction

S80°R<T <680°R

Initial Conditions
Xa = 0.075 Fai = 170 Ib/min
Xb = 0.57 Fbi = 679 Ib/min
Xc =0.015 T =645R

Xe = 0,208
Xg = 0.0398
Xp = 0.091




Heat input vs. Reaction Temperature
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Reaction Temperature, K Reaction Temperature, K

Network weights

Reaction Temperature, K
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mass fraction, X¢

mass fraction, Xc

Open-loop Process Trends
U1(Fai) vs. Y1(Xc)
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Open-loop Process Trends
U2(Heating, T) vs. Y2(Xg)
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