Fuzzy model-based predictive control of a chemical reactor
Proceedings of European Congress of Chemical Engineering (ECCE-6)
Copenhagen, 16-20 September 2007

Fuzzy model-based predictive control of a chemical reactor
Anna Vasickaninova, Monika BakoSova

Slovak University of Technology in Bratislava, Faculty of Chemical and Food Technology, Institute of Information
Engineering, Automation and Mathematics, Radlinskeho 9, 812 37 Bratislava, Slovakia
e-mail: anna.vasickaninova@stuba.sk, monika.bakosova@stuba.sk

Abstract

Model-based predictive control (MBPC) refers to a class of control algonthms, which are based
on a process model. MBPC can be applied to such systems as e.g. multivariable, non-
minimum-phase, open-loop unstable, non-linear, or systems with a long time delay.

In this paper a comparison of different MBPC is presented as a case study for a continuous-
time stirred reactor with two first-order irreversible parallel exothermic reactions. The focus is
given to the fuzzy predictive control approach.

Chemical reactors with exothermic reactions represent the most dangerous operational units in
the chemical industry. The temperature control is a real problem for conventional PID
controllers in this case, and fuzzy MBPC is one of the possibilities how to solve it. In this
approach, a fuzzy model gives a prediction of the plant output. The fuzzy predictive control
approach is compared to a linear and nonlinear model predictive control based on an
optimization. Simulation results show that fuzzy predictive contrd gives promising results.
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1.Introduction

Nowadays, conventional controller techniques like PID solve with acceptable results most of
the control problems in modern industry. However, to fulfill high-performance specifications
dealing with constrained, multivariable and/or non linear systems, the process model must be
included into the controller structure. MBPC has been well accepted in industry due to the
generality of the method and a large number of industrial applications has already been
introduced.

According to the process model two main approaches have been developed in the area of
predictive control. The first one is based on a parametric model of the controlled process. The
parametric model can be described in form of transfer function or in state-space domain. An
important disadvantage of using the parametric model is that it represents a linearized model of
the process. The control of the strong nonlinear processes could be unsatisfactory. The second
approach proposed in literature is based on a nonparametric model. The model coefficients can
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be obtained directly from samples of the input and output responses without assuming the
model structure.

Predictive control is a control strategy that is based on the prediction of the plant output over
the extended horizon in the future, which enables the controller to predict future changes of the
measurement signal and to base control actions on the prediction.

The paper is organized as follows. Section 2 describes the concept of fuzzy identification.
Section 3 presents the control strategy. In section 4 the continuous stirred-tank reactor is
described, identification of the process in the fuzzy model form is obtained, simulation results
and comparison of different MBPC control algorithms are presented and discussed. Finally, in
section 5 some concluding remarks are presented.

2 Fuzzy modelling

Fuzzy modelling or identification means to find a set of fuzzy if-then rules with well defined
attributes, that can describe the given I/O behaviour of the process.

Fuzzy modelling methods are attractive, because they can be developed from real process data
with or without expert knowledge. The nonlinearity can be handled efficiently, and the results
presented as fuzzy rules are informative. Many different approaches to fuzzy identification
have been proposed. The most common alternatives are linguistic fuzzy models, which suit
well extracting expert knowledze, neuro-fuzzy method and fuzzy clustering methods.

Fuzzy models can be considered as logical models, which use If - Then rules to establish
qualitative relationships among variables in the model.

2.1 The fuzzy model

Consider the nonlinear plant in the form:

y(k+1)=F{y(k),...y(k—n+1),u(k),...,u(k—m+1)| (D
where y(k) is the plant output at instance ., F(.) is a function, generally nonlinear, u(k) is an
input signal. The constant » and m define the order of the plant. The Sugeno's of type the fuzzy
model process can be formulated (Driankov 1993):

R/ if y(k)is Ail/\u(k)is Aé lhenym(k+l)=¢i’j(.) (2)
The functions ¢*/(.) can be arbitrary smooth functions in general, although linear or affine
functions are usually used. Each fuzzy set A’i, Aé is associated with a real-valued function
u(k)>/:R-[0,1], that produces membership grade of the variables (y(k), u(k)). Using fuzzy

inference based upon product-sum-gravity at given input (y(k), u(k)), the final output of the
fuzzy system is inferred by taking the weighted average of the ¢//(.)'s:
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where pu(k)"/>0 , implies the overall truth value of the i,j-th implication for input calculated as:

u(k)" = A4 (y(k))x A ul(k)) 4)
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3. Model-based predictive control (MBPC)

MBPC is a name of a several different control techniques. All are associated with the same
idea. The prediction is based on the model of the process.

Control Algorithm
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#» Reference b .. I Process -
e Optimizer
» Generator

Figure 1: Classical model-based predictive scheme

The target of the model-based predictive control is to predict the future behaviour of the
process over a certain horizon using the dynamic model and obtaining the control actions to

minimize a certain criterion, generally
N,

J(k,u(k)="Y (v, (k+ )=y, (k+])) +AZ (k+j-1)) (5)

j=N,

Signals y,,(k+j), y.(k+j), u(k+j) are j-step ahead predictions of the process output, the reference
trajektory and the control signal, respectively. The values N; and N, are minimal and maximal
prediction horizon and N, is prediction horizon of control signal. The parameter A represents
the weight of the control signal.

The controller consists of the plant model and the optimization block. The optimization block

determines the value of u' that minimize J, and then the optimal u is input to the plant.
Equation (1) is used in combination with input and output constraints:

umin S u s umax

Au,, < Au < Au,, (6)
y min < y < y max

A y min < A y A y max

4. Simulation results
4.1 Chemical reactor

Chemical reactors are ones of the most important plants in chemical industry (Mikle$ and Fikar

2004). Consider a chemical reactor with first-order irreversible parallel reactions according to
k

the scheme 4 — B 4 — C . The measured outputs are concentrations of reactants and

temperatures of reaction mixture and coolant. The simplified non-linear dynamic mathematical

model of the chemical reactor consists of five differential equations:
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?:?CAV_%CA_kch_kZCA (7
dc
—dtB:%CBV_%CB_I_k]CA (8)
dc
dtC:% CCV_%CC_l_kZCA (9)
dT _q q Ak 0,
—=-=T T——|T—-T.|— 10
a VvV VpCp[ C] VpCp (10)
dT. gq. q. Ak

C=—27T ——<T +—|T-T 11
dt v, V. < V.pC pc[ C] (1D

The reaction rate coefficients are non-linear functions of reaction temperatures being defined
by the Arrhenius relations

_E _E
ki=kye ™ ky=kye ™ (12)
The reaction heat is expressedas
Qr:kchV(ArH1)+k2CAV(ArH2) (13)

Here, ¢ are concentrations, 7T are temperatures, V" are volumes, » are densities, Cp are specific
heat capacities, g are volumetric flow rates, A.H are reaction enthalpies, 4 is the heat transfer
area, k is the heat transfer coefficient. The subscript ¢ denotes the coolant, and the subscript s
the steady-state values in the main operating point. Parameters and inputs of the reactor are
enumerated in Table 1.

Variable Unit Value

q m’min’! 0.015

v m’ 0.23

Ve m’ 0.21

P kg m? 1020

Pc kg m? 998

C, kJ kg K 4.02

Coe kJ kg K! 4.182

A m’ 1.51

k kJ m2 min-1 K-1 42.8

Kio min’! 1.55.10"
kzo min’! 4551025
E/R K 9850
E,/R K 22019
AH, kJ kmol ! -8.6.10#
AH, kJ kmol-1 -1.82.104
Cav kmol m” 4.22

Ciy kmol m’ 0
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Variable Unit Value
Cev kmol m-3 0
T, K 328
Tev K 298
g m’min’! 0.004
T K 363.61
Ts. K 350.15
C'a kmol m™ 0.4915
Cs kmol m? 2.0042
csc kmol m-3 1.7243
Table 1: Reactor parameters and inputs

Consider the linearized model of the CSTR in the form (14) with matrices 4, B, C:

x(t)=Ax(t)+ Bu(t),
y(t)=Cx(t)
—-%+k“+kﬂ) 0 0
k -4 9
11 V
A= ks 0 _%
koA H+k, A H
| Kue TRy A, T 0 0
pC,
0 0 0
0
0
0
B=| c=0 00
TCV_TZ‘
VC
where
_ RT*
ki =kge ki
_ RT® _
Ky =kyge ks

x(to):xo

_(k12+k22)
ki
ks,
e Ak | kpAH +ky,AH,
V- VeC, pC,
Ak )
chccpc
1 0
E,
S —
¢k, i RT*
2710
R(T?)
E,
s _
£y RT*

|

(14)

VpC

Ak 4.
V.p.C 14

cFe™pe c

(15)

(16)
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Linearized mathematical model of the reactor has been derived under assumption that the
control input is the coolant flow rate g. and the controlled output is reaction mixture
temperature 7.

For applications of linear MBP controller, we consider model in the form
x(k+ 1) = Ax(k) + Bu(k)

(k) = Cx(k) (17)
where matrices A, B are:
—0.5594 0 0 —0.0284 0 0
0.2662 —0.0652 0 0.0098 0 0
A= 0.2280 0 —0.0652 0.0187 0 B= 0 (18)
6.5956 0 0 —0.1538 0.0685 0
0 0 0 0.0737 —0.0928 '—248.2571_

Fuzzy identification is an effective tool for the approximation of uncertain nonlinear systems
on the basis of measured data. Among the different fuzzy modelling techniques, the Takagi-
Sugeno model has attracted most attention.

In the case of the reactor fuzzy model, the process was identified in a form of discrete model
with the premise 7(k) and the consequence vector [T(k), T(k-1), q.(k)]. The structure with five
rules and Gaussian membership functions was chosen. The sampling time was chosen to be T}
= (.2 min. The structure ofthe fuzzy model is given:

if T(k)is A, AT (k=1)is A, Aq (k)is A,

thenT (k+1)=a . T(k)+a, T(k—1)+b,.q (k)+b (19)

oF i=1,...,5

The Gaussian membership functions premise parameters 0, ¢; for inputs are listed in Table 2,
the rules consequent parameters are listed in Table 3. The Takagi-Sugeno fuzzy model was
transformed into a state space form.

T(k) T(k-1) qe
O; Ci O; Ci O; Ci
0.331 363.601 0.331 363.601 -0.0003 0.0040
0.331 357.182 0.331 357.109 0.0019 0.0091
0.331 353.426 0.331 353.423 0.0099 0.0112
0.331 356.059 0.331 356.054 -0.0014 0.0101
0.331 366.577 0.331 366.587 0.0002 0.0020
Table 2 - Gaussian membership functions parameters for inputs
aji aji b]i b()i
2.21 -1.22 -19.5 3.64
2.21 -1.22 -23.97 4.21
2.07 -1.07 -10.39 -0.90
2.07 -1.08 -4.19 3.73
2.04 -1.04 -0.0003 -0.17

Table 3 - Rules consequent parameters
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A comparison of the nonlinear and linearized model output with the Takagi-Sugeno fuzzy
model output is shown in Figure 2.
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Figure 2: Simulated outputs of the plant models

4.2 Comparison of different MBPC control algorithms

The reactions in the described reactor are exothermic and the heat generated by the chemical
reaction is removed by the coolant. The control objective is to keep reactant temperature close
to a desired value.

An important difference between Model Predictive Control and PID-kind design methods is the
explicit use of a model. This aspect is both the advantageand the disadvantage of MPC.
Nonlinear model based predictive control, fuzzy model based predictive control and linear
based model predictive control have been simulated and compared with same conditions.
Finally, the comparison with a PID controller was made. The feedback PID controller was
tuned with parameters Kc = -0.003, T, = 16.8, Tp=1.41 using the Chien-Hrones-Reswick
method (Bako® va 2004, Ogunnaike 1994, Vasikaninova 2005).

In Figure 3 the responses of the process and the reference trajectory y, are shown. Simulation
results show that fuzzy predictive control gives promising results.
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Figure 3: Comparison of chosen model based predictive control simulations with PID controller.

5. Conclusion

The predictive controllers are used in many areas, where high-quality control is required. In the
paper the predictive controller for the well-known process, the continuous stirred tank reactor
is presented. The focus is given to the fuzzy predictive control approach. The Takagi-Sugeno
fuzzy model of the reactor was obtained using fuzzy identification. Comparing to PID, it
improved quality and robustness performance.
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