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Abstract

Multivariable nonlinear models are common in chemical processes. Often many of the parameters change with time and some
variables are not measured. To e6ectively control these processes, an adaptive scheme is developed here. This scheme combines
the generic model control algorithm (GMC), with a nonlinear observer, which is able to track changes in the process model. This
control scheme is shown to be quite robust due to the rapid convergence of the nonlinear observer coupled with integral action
introduced by the GMC controller. Disturbance rejection is achieved with feedforward action and the combined observer=controller
is easy to tune. Two examples demonstrate the e6ectiveness of this scheme. The ;rst example is a simulation of an exothermic
batch reactor where the algorithm is used for set point trajectory tracking and calorimetric estimation. The second example is a
real-time application to a laboratory pressure tank, which is e6ectively controlled over a wide range. Both examples illustrate the
ability of this nonlinear adaptive control strategy to provide good estimation and control of these nonlinear processes. ? 2001
Elsevier Science Ltd. All rights reserved.
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1. Introduction

The severity of the nonlinearities in chemical pro-
cesses in?uences the selection of control algorithms for
successful control of a process. Control strategies based
on a linearized model may not yield satisfactory per-
formance, if the process is subject to large disturbances
or signi;cant set point changes from, say, an on-line
optimizer. In addition, the wide range of operating condi-
tions encountered in start-up or shut-down of continuous
processes and trajectory tracking of batch processes, in
which there is the absence of a steady state, also pose
an important challenge for the application of nonlinear
control technologies. In recent years, a number of non-
linear control technologies have been developed, such as
nonlinear control based on the di6erential geometric ap-
proach (Kravaris & Kantor, 1990), nonlinear model pre-
dictive control (Patwardhan, Rawlings, & Edgar, 1990),
and generic model control (Lee & Sullivan, 1988).
However, these approaches rely on the availability of
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a good process model, which is not always easy to ob-
tain. In many reactors, for example, even the reaction
kinetics are poorly understood, and lead to models with
uncertain or time varying parameters. These cases are
best handled with a nonlinear adaptive control strategy.
Only limited studies have been reported concerning the
development of nonlinear adaptive control strategies for
chemical processes based on physical models. Henson
and Seborg (1994) presented an adaptive nonlinear con-
trol strategy for a bench-scale pH neutralization system,
which is obtained by augmenting a nonlinear controller
(based on di6erential geometry approach) with a special
indirect parameter estimation scheme (based on a recur-
sive least-squares algorithm). Clarke-Pringle and Mac-
Gregor (1997) studied nonlinear adaptive temperature
control of multi-product, semi-batch polymerization re-
actors. Their nonlinear adaptive controller consisted of a
nonlinear controller (also based on the di6erential geom-
etry approach) with an extended Kalman ;lter.
The purpose of this work is to develop an eFcient and

readily implementable nonlinear adaptive control strat-
egy for a variety of chemical processes. It is recognized
(Hua & Jutan, 2000) that among the reported nonlinear
control technologies the generic model control (GMC,
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Lee & Sullivan, 1988) is relatively easy to apply, and has
some important advantages which allow it to be used as a
desirable framework for adaptive control. Generally, the
on-line estimation of unknown parameters is critical to
the success of the nonlinear controller over a broad range
of conditions (Clarke-Pringle & MacGregor, 1997). Re-
cently, Farza, Busawon, and Hammour, (1998) have suc-
cessfully developed a simple nonlinear observer for the
on-line estimation of the reaction rates in chemical or
biochemical reactors. A main characteristic of this ob-
server lies in the simplicity of its implementation and
also in their calibration method. This nonlinear observer
is extended here and is used as an on-line model param-
eter estimator for our case. A nonlinear adaptive control
strategy is then obtained by combining a nonlinear GMC
controller with a nonlinear parameter estimator.
Other diFculties in the control of batch reactors

include the lack of direct measurements of the qual-
ity variables needed to be controlled, and unmeasured
disturbances. Jutan and Uppal (1984) presented an in-
teresting control method for solving these problems,
which is called the “calorimetry method” (Schuler &
Schmidt, 1992). In this method, only the energy balance
is used in derivation of the control algorithm, in which
the heat release term, coupled with the mass balance, is
estimated on-line by easily available temperature mea-
surements and the derivative of the temperature. They
used simple numerical di6erentiation to get the derivative
information, and designed a linear feedback controller
with a feedforward controller to compensate for mod-
eling errors. However, it may be diFcult to apply this
method to practical batch reactors because numerical
di6erentiation is very sensitive to measurement noises,
and linear control theory is not suFcient in many cases.
There are many studies based on the calorimetry method
(Schuler & Schmidt, 1992). Cott and Macchietto (1989)
improved the performance of this control system by us-
ing a high-order di6erence equation for calculating the
derivative and using GMC to design a nonlinear con-
troller. In this work, we propose a nonlinear adaptive
control strategy to improve control performance in batch
reactors. Here, not only the heat released but also the
heat-transfer coeFcient, which is also a time varying
parameter in many cases, are estimated on-line using a
nonlinear observer.
Our nonlinear adaptive control scheme is applica-

ble to both single and multi-input=output control prob-
lems. To illustrate its multi-input=output capabilities, the
scheme is applied to a multivariable laboratory pressure
tank.
This paper is arranged as follows. Firstly, a general

form of nonlinear model, with a GMC control algorithm
and nonlinear observer is outlined. The nonlinear adap-
tive control strategy is then developed in Section 2. The
application of this strategy to a simulated batch reac-
tor is shown in Section 3. Section 4 discusses an ex-

perimental application of this strategy to a laboratory
pressure tank. Finally, some conclusions are given in
Section 5.

2. Nonlinear adaptive control strategy

2.1. Control algorithm

Although there are several existing nonlinear con-
trol techniques, here we propose using the GMC con-
troller. The formulation of the GMC controller is
relatively straightforward, and its tuning is simple. Im-
portantly, this approach has several advantages that
are desirable for designing nonlinear adaptive control
systems:

(1) The nonlinear (reduced) process model is directly
incorporated in the control algorithm, allowing for
the inherent nonlinearity of processes such as a batch
reactor to be taken into account:

(2) The relationship between feedforward and feedback
control is explicitly accounted for in the GMC algo-
rithm:

(3) The GMC framework permits us to develop an adap-
tive control algorithm by updating parameters in the
process model.

We consider a nonlinear system described by the fol-
lowing di6erential equation of the type:

ẋ=f(x; d)�+ g(u; x; d);

y= cx; (1)

where x is state vector of dimension n, u is input vector
of dimension m, d the measurable disturbance vector of
suitable dimension, y is the output vector of suitable di-
mension, and � is model parameter vector of dimension
n. In general, f and g are matrices of nonlinear func-
tions. c is coeFcient matrix. Here, we assume all states
are measurable, and c is an unity matrix. According to the
GMC basic principle (Lee & Sullivan, 1988), we derive
the following control algorithm, which consists of three
terms (dynamic process model, proportional action term
and integral action term, respectively):

f(x; d)�+ g(u; x; d)− K1(ysp − y)

−K2
∫ t

0
(ysp − y) dt=0; (2)

where ysp is the set point of the output, K1 and K2 are
diagonal n × n tuning parameter matrices. The control
algorithm (2) is generally implicit. Hence, it is solved
on-line by some iterative numerical method. If g(u; x; d)
is linear with respect to u, e.g. g(u; x; d)= h(x; d)u, then
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Eq. (2) becomes an explicit control algorithm

u= (h(x; d))−1(K1(ysp − y)

+K2
∫ t

0
(ysp − y) dt − f(x; d)�): (3)

The values of the elements of K1 and K2 can be deter-
mined by the relationships (Signal & Lee, 1992)

K1(i; i) =
2�i

�i
; K2(i; i) =

1
�2i

; (4)

where �i and �i determine the shape and speed of the
desired closed-loop trajectory (the reference trajectory),
respectively. The reference trajectory for a step change
in the set point has a pseudo-second-order response. Ya-
muna and Gangiah (1991) showed that the formulae can
be used to accurately calculate the speci;ed response for
any values of �i and �i. When the values of �i and �i,
which correspond to the desired speci;ed response, are
selected, and K1 and K2 can be computed from Eq. (4).

2.2. Parameter estimation

In practice, there may be some mismatch between
the model and the true process to be controlled. This
process=model mismatch leads to deterioration in control
performance. There are two general types of model mis-
match: structural mismatch occurs when the process and
the model are of di6erent mathematical form; parameter
mismatch occurs when numerical values of parameters
in the model do not correspond with true values. Both
structural and parameter mismatch a6ect controller per-
formance. However, the e6ect of structural mismatch can
be minimized if model parameters are regularly updated.
Here, model parameters in Eq. (1) are assumed to be

time-varying. So, it is important to estimate the parame-
ters on-line. There are some parameter estimation tech-
niques, such as the least-squares method, and the Kalman
;lter. Here, however, the nonlinear observer (Farza et al.,
1998) is used for parameter estimation. Also, we assume
that the parameter dynamics in the nonlinear system Eq.
(1) obey the following general ;rst-order equation:

�̇=  (u; x; d) + �; (5)

where  is a nonlinear function and � is a function which
may depend on x; �; u; d, noise, etc. We assume that �
is an unknown but bounded function, and the disturbance
d and its time derivative are bounded.
Rearrange the nonlinear system equations (1) and (5)

in the following condensed form:

ż=’(x; d)F(x; d)z + B(u; x; d) + Q�;

y=Cz; (6)

where

z=

[
x
�

]
; F(x; d)=

[
0 f(x; d)
0 0

]
;

B(u; x; d)=

[
g(u; x; d)
 (u; x; d)

]
; Q�=

[
0
�

]

and C=[In; 0], with In an n×n identity matrix. f and ’
are, respectively, an n×n matrix and a scalar real-valued
function which are di6erentiable and the corresponding
partial derivatives are continuous.
According to Farza et al.’s (1998) method, the follow-

ing nonlinear observer can be used to track the vector z:

˙̂z=’(y; d)F(y; d)ẑ + B(u; y; d)

−’(y; d)�−1(y; d)S−1CT(Cẑ − y); (7)

where

(1) ẑ=
[
y
�̂

]
∈R2n, �̂∈Rn are the estimated vectors of

state and parameter.

(2) �(y; s)=

[
In 0
0 f(y; d)

]
.

(3) S is the unique symmetric positive-de;nite matrix
which satis;es the algebraic Lyapunov equation

 S + ETS + SE − CTC=0; (8)

where

E=

[
0 In
0 0

]
; S=




1
 
In − 1

 2
In

− 1
 2

In
2
 3

In


 ;

and  ¿ 0,  is a design parameter.
It has been shown (Farza et al., 1998) that under the

above conditions and when there exist ;nite real numbers
#, $, #h, $h with 0¡#6$; 0¡#h6$ such that for
t¿ 0:

#2In6fT(y; d)f(y; d)6$2In; (9)

#h6 |’(x; d)|6$h; (10)

the convergence of the nonlinear observer can be guar-
anteed.
It can be seen from Eq. (7) that the tuning of the ob-

server is reduced to the calibration of a single parameter
 . When �=0, the convergence of the observer error is
exponential. In the case where � �=0, the asymptotic error
can be made arbitrarily small by choosing a suFciently
large value of  . However, a very large value of  may
make the observer sensitive to noise. Thus, the choice of
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Fig. 1. Adaptive control system.

 is a compromise between fast convergence and perfor-
mance.

2.3. Adaptive control system design

The nonlinear adaptive control strategy is obtained by
combining the nonlinear controller Eq. (2) with the non-
linear parameter estimator Eq. (7), as shown in Fig. 1.
The adaptive control system design is straightforward,
and tuning is simple. The two diagonal n × n matrices
of K1 and K2 in the GMC controller Eq. (2) can be de-
termined using Eq. (4), and need some tuning due to the
fact there is an input saturation. The design parameter  
in the nonlinear estimator Eq. (6) can be tuned by trial
and error. The single parameter tuning allows easy im-
plementation of this observer.
It should be noted that this nonlinear adaptive control

algorithm is applicable to cases where the number of pa-
rameters to be adapted is less than or equal to the number
of controlled variables. This is not a serious restriction
as the ability to adjust one parameter for each controlled
variable to improve the controlled response is often suf-
;cient.
In order to test out this nonlinear adaptive control al-

gorithm, we apply it to two common nonlinear chemical
processes.

3. Temperature control of a batch reactor

3.1. Batch reactor

The batch reactor in Cott and Macchietto (1989) is
taken as an example. Their system has two parallel reac-
tions, which occur in a jacketed batch reactor:

A + B→ C;

A +C→ D:

The control objective is to heat the reactor rapidly from
a temperature of 20◦C to its set point and to maintain
the reactor at this set point. The result of this tempera-
ture pro;le is to maximize the desired product “C” and
to minimize the production of the unwanted by-product
“D”.

The heat- and mass-transfer rates in the reactor are as-
sumed to be high enough so that the system is essentially
reaction rate limited. Therefore, the rate of production of
C and D is only dependent on the reactant concentrations

R1 = k1MAMB; (11)

R2 = k2MAMC; (12)

where R1 and R2 are the production rates of C and D,
respectively, and MA; MB, and MC are the mole number
of components A, B, and C present in the reaction at
any given time. The rate constants, k1 and k2, are de-
pendent on the reaction temperature through Arrhenius
relation. Both reactions have a large heat of reaction
(VH1 = − 41 840 kJ=kmol; VH2 = − 25 105 kJ=kmol),
which makes the overall reaction system strongly
exothermic.
Heating and cooling of the reactor contents is per-

formed through the use of a single-pass jacket system. A
temperature controller on the jacket inlet stream provides
control of the jacket temperature.
They assume that the density of the reaction mixture is

that of water. The nominal charge to the reactor is given
as 360 kg of A and 1200 kg of B. The ;nal reaction tem-
perature is set to 95◦C. The jacket temperature is limited
to the range 20:0–120:0◦C due to the heat-exchanger ca-
pacities, and the reaction mixture is constant at 20:0◦C at
time 0. Finally, because measurement errors are always
present when working with real equipment, these were
included in the simulation by adding noise to all temper-
ature measurements. Here, a ;rst-order moving average
noise model was used to simulate the noise with a vari-
ance of 0:01◦C.
Using a mass and energy balance, a detailed process

model was developed. A full description of the reactor
model and the values of the parameters used are given in
Appendices A and B.

3.2. Temperature control based on calorimetry method

In general, we should design a nonlinear controller
based directly on the process model given in Eqs.
(A.1)–(A.6). However, due to lack of direct mea-
surement of all the process variables and possible dis-
turbances, control design for batch reactors requires
additional consideration. Jutan and Uppal (1984) pre-
sented a calorimetry method in which the heat released
in the reactor was estimated on-line by easily available
temperature measurement and derivative information of
the temperature. This concept allows just the energy
balances around the jacket and reactor to be used for
controller design.
It is commonly assumed that the amount of the heat

retained in the walls of the reactor is negligible compared
with the heat transferred in the reactor, and thus energy



B. Guo et al. / Chemical Engineering Science 56 (2001) 6781–6791 6785

balances around the jacket and reactor are as follows:

dTr

dt
=

Q +UA(Tj − Tr)
WCp

; (13)

dTj

dt
=

Fj1jCPj(Tjsp − Tj)−UA(Tj − Tr)
Vj1jCPj

; (14)

where Cp and W are heat capacity and mass of the
reactor contents (assumed constant), respectively, Tr is
reactor temperature, Tj is jacket temperature, Tjsp is jacket
temperature set point, A is the heat-transfer area, U is
the heat-transfer coeFcient, and Q is the heat released
by the reaction, Cpj and Vj are heat capacity and vol-
ume of the jacket, respectively, Fj is ?owrate, and 1j is
density of the jacket contents. Q= −VH1R1 −VH2R2,
which is a complex function of the reactor state variables
such as MA, MB, MC , and MD, is estimated by the nonlin-
ear observer due to the assumption of unknown reaction
mechanisms.
In general, a conventional PID controller is used

for jacket temperature control in the batch reactor. If
the jacket temperature is considered as controller input,
the formulation of a GMC controller for reactor temper-
ature control is quite straightforward, and is based on
Eq. (2). The reactor temperature, Tr , is the controlled
variable, so we obtain the GMC controller as follows:

Tj = Tr +
WCp

UA
(
K1(Trsp − Tr)

+K2
∫ t

0
(Trsp − Tr) dt

)
− Q

UA
: (15)

However, Eq. (15) does not contain an explicit function
of the jacket temperature set point, Tjsp; , but instead the
actual jacket temperature, Tj appears. In order to obtain
the jacket temperature trajectory, some form of dynamic
model of Tj was proposed (Cott & Macchietto, 1989). It
is reasonable to assume that the dynamics of Tj be esti-
mated by a nonlinear observer. The jacket temperature is
approximately ;rst order (Liptak, 1988) with time con-
stant �j and, hence, the Tjsp is determined as

Tjsp = �j
dTj

dt
+ Tj; (16)

where �j is the estimated time constant of the jacket.
Hence, the solution of Eqs. (15) and (16) can be used to
calculate the set point value for the jacket temperature.

3.3. On-line estimation of heat released and
heat-transfer coe6cient

In Jutan and Uppal’s (1984) calorimetry method in
which the heat released in the reactor was estimated based
on temperature and derivative information, they used a
simple ;rst-order numerical di6erence approximation. It

may be unwise to apply this method to practical batch
reactors because simple numerical di6erentiation is rela-
tively sensitive to measurement noise. Cott and Macchi-
etto (1989) used a higher-order di6erence approximation
for the derivative with improved results. In this work, we
use a nonlinear observer to estimate heat released. This
observer will have the appropriate ;ltering and tuning pa-
rameter available for estimating the heat released in the
presence of noisy measurements. Since there may also
be some fouling in the wall of the reactor during a run,
the heat-transfer coeFcient U may be time varying as
well. It is thus important to track both these variables.
Models (13) and (14) can be rewritten as follows:

[
Ṫ r

Ṫ j

]
=




1
WCp

A(Tj − Tr)
WCp

0 −A(Tj − Tr)
Vj1jCpj



[
Q

U

]

+




0
Fj(Tjsp − Tj)

Vj


 : (17)

Our objective here is to estimate both the speci;c heat
released Q and the heat-transfer coeFcient U . Here, the
temperature Tr and Tj are measured. The nonlinear ob-
server for this batch reactor can then be developed by
combining Eq. (7) with Eq. (17)




˙̂T r

˙̂T j

˙̂Q
˙̂U



=




0 0
1

WCp

A(Tj − Tr)
WCp

0 0 0 −A(Tj − Tr)
Vj1jCpj

0 0 0 0

0 0 0 0






T̂ r

T̂ j

Q̂

Û




+




0
Fj(Tjsp − Tj)

Vj

0

0




−




2 0
0 2 

WCp 2 Vj1jCpj 2

0 − Vj1jCpj 2

A(Tj − Tr)



[
T̂ r − Tr

T̂ j − Tj

]
; (18)

where T̂ r ; T̂ j; Q̂, and Û are estimates of Tr; Tj; Q, and
U , respectively.
We veri;ed that the convergence conditions for the

nonlinear observer of the batch reactor are satis;ed.



6786 B. Guo et al. / Chemical Engineering Science 56 (2001) 6781–6791

3.4. Simulation results

According to the tuning based on Eq. (4), we can eas-
ily choose the two parameters, K1 and K2, in controller
algorithm Eq. (15), to follow a target pro;le of the
controlled variable Tr . Appropriate values of these two
constants are K1 = 0:0417 s−1 and K2 = 4:34× 10−8 s−2.
Here, the weight W , the mass heat capacity Cp of
the reactor contents and the heat-transfer area A are
1560 kg; 1:8667 kJ=(kg ◦C), and 6:24 m2, respectively.
In this batch reactor, the rate of change of the heat re-

leased,Q, and the heat-transfer coeFcientU , are very dif-
ferent. Q changes rapidly with time, while U may change
very slowly with time. As a consequence, it is better to
estimate Q and U , using di6erent tuning parameters, re-
spectively. The parameter  associated with Q was cho-
sen as 0.02, while the parameter  associated with U was
chosen as 0.0033 after several trial and error iterations.
Fig. 2 shows the simulation results in the nominal case

in which all the observer model parameters match the
plant parameters. It can be seen from Fig. 2(a) that the es-
timate of the heat released is very satisfactory, and signif-
icant noise levels do not adversely a6ect the performance
of the observer. Fig. 2(b) shows that the nonlinear ob-
server also gives an excellent estimate of the heat-transfer
coeFcient. With these good estimates of the heat released
and the heat-transfer coeFcient, the GMC controller pro-
vided good control response as shown in Fig. 2(c).
The control system is then tested for robustness with

respect to changes in process parameters or plant=model
mismatch with the same controller and estimator param-
eters.
Fig. 3 shows the e6ect of decreasing the heat-transfer

coeFcient U by 26.6% to 0.5%. The GMC controller is
able to still provide good control performance and the
nonlinear observer quickly ;nds the new value for U . We
also tested the controlled system by introducing a step
disturbance change in the charge from the nominal 1560
–1300 kg. The results showed that the controlled system
was robust and easily handled this change. The results,
however, will not be given here due to space limitations.
The nonlinear adaptive controller=observer thus per-

formed very well in this batch reactor pro;le control sim-
ulation. The second example involves real-time control
of an experimental pressure tank.

4. Adaptive control of a pressure tank

4.1. Pressure tank

The laboratory system is a pressure tank (Fig. 4)
through which the air ?ows from a regulated supply.
Control valves are installed on both the inlet and the
outlet of the tank. The pressure in the tank and the outlet
?ow rate are measured and transmitted to a computer.
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Fig. 2. (a) Estimates of heat released (nominal case). (b) Estimates
of the heat-transfer coeFcient (nominal case). (c) Response of the
control system (nominal case).

Data collection and system control are accompanied by
use of a micro-computer with an input–output (I=O)
interface board.
Here, the pressure in the tank and the outlet ?ow rate

are controlled variables, and the control valve stem posi-
tions on both the inlet and the outlet of the tank are the
manipulated variables. This is a two-input and two-output
system. The variation in both inputs will in?uence both
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Fig. 3. (a) Estimates of heat released after a 26.6% step decrease in the
heat-transfer coeFcient. (b) Estimates of heat-transfer coeFcient after
a 26.6% step decrease in the heat-transfer coeFcient. (c) Response
of the control system after a 26.6% step decrease in the heat-transfer
coeFcient.

controlled variables. From the process design, it can be
seen that this is a strongly interactive system. In fact, a
relative gain analysis (RGA) of the process shows that
the RGA elements are all close to 0:5. This implies that
a control scheme based on multi-loop PID controllers
would be very diFcult to achieve (Zhu & Jutan, 1994).
Applying a mass balance to the pressure tank

ṁv= ṁi − ṁo; (19)

where mv; mi, and mo are the mass of air in the pressure
tank, in the inlet and outlet, respectively. Assuming that
air is an ideal gas, we can write

PV =
m
M

RT; (20)

where P; V;m;M; R, and T are pressure, volume, mass,
molecular weight, gas constant, and temperature of ideal
gas, respectively. We assume that the control valves have
a nonlinear characteristic governed by

ṁ=
CV maxl
41616

√
1a(−VP); (21)

where 1a and VP are density of air and di6erential pres-
sure, respectively, and l is the valve opening. Substituting
Eqs. (20) and (21) into Eq. (19) yields

Ṗv =
Kvili
V

√
RT
M

√
Pv(Pi − Pv)

−Kvolo
V

√
RT
M

√
Po(Pv − Po); (22)

where Kvi=Cvi max=41616 is a ?ow parameter for the in-
let valve, Kvo=Cvo max=41616 is a ?ow parameter for the
outlet valve, Pv; Pi, and Po are the pressures in the pres-
sure tank, inlet and outlet, respectively, and, li and lo are
the fractional openings of the inlet valve and the outlet
valve, respectively. Applying Eqs. (20) and (21), we can
obtain an expression for the volumetric ?owrate at the
outlet

V̇ o=Kvolo

√
RT
M

√
Pv − Po

Po
; (23)

where V̇ o is the volumetric ?owrate at the outlet.

4.2. Nonlinear adaptive controller for pressure tank

The controlled variables are pressure in the pressure
tank and the volumetric ?owrate at the outlet. The ma-
nipulated variables are the fractional openings of the in-
let valve and the outlet valve. The relationship between
the controlled variables and valve opening is nonlinear,
moreover there is also severe hysteresis in the valves
which is not directly modelled but would manifest itself
as a change in Kvi or Kvo. This pressure tank represents
a challenging multivariable real-time control problem for
our algorithm.
The GMC controller for the pressure tank can be ob-

tained by applying Eqs. (3), (22), and (23)

L=G−1
(
K1(ysp − yp) + K2

∫ t

0
(ysp − yp) dt

)
; (24)

where L and yp are the outputs of the controller and the
pressure tank, respectively. K1 and K2 are tuning constant
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Fig. 4. Lab pressure tank.

matrices. So we have

L=

[
li
lo

]
; yp=

[
Pv

V̇ o;

]
; K1 =

[
k11 0
0 k12

]
;

K2 =

[
k21 0
0 k22

]
;

G=




Kvi

V

√
RT
M

√
Pv(Pi − Pv) −Kvo

V

√
RT
M

√
Po(Pv − po)

0 Kvo

√
RT
M

√
Pv − Po

Po


 : (25)

Due to valve hysteresis and sticking, the operating
point is not easily reproducible, leading to poor repeata-
bility in the dynamic data, and diFculties in model iden-
ti;cation. This also causes the values of Kvi and Kvo to
vary with the change of the inlet and outlet valve posi-
tions. Thus, for e6ective real-time control it is very im-
portant to estimate these two parameters. For the pressure
tank, both the controlled variables of the system are mea-
sured. By applying Eq. (7) we can derive the nonlinear
observer for estimating the Kvi and Kvo parameters




˙̂Pv

˙̂Vo

˙̂Kvi

˙̂Kvo


=




0 0
li
V

√
RT
M

√
Pv(Pi − Po) − lo

V

√
RT
M

√
Po(Pv − Po)

0 0 0 lo

√
RT
M

√
Pv − Po

Po

0 0 0 0
0 0 0 0







P̂v

V̂ o

K̂vi

K̂ vo




−




2 0
0 2 

V
li

√
M
RT

 2√
Pv(Pi − Po)

√
M
RT

Po 2√
Pv(Pi − Po)

0
 2

lo

√
M
RT

√
Po

Pv − Po




[
P̂v − Pv

V̂ o − Vo

]
; (26)

where P̂v; V̂ ; K̂ vi, and K̂vo are estimates of Pv; V; Kvi, and
Kvo, respectively.

Again we veri;ed that the convergence conditions for
the nonlinear observer for the pressure tank are satis;ed.

4.3. Experiment results

The real time control system is implemented in the
MATLAB=SIMULINK environment. We tune the GMC

controller based on choosing a target pro;le as shown in
Eq. (4) for each of the controlled variables. We obtain the
two tuning matrices for the GMC controller as well as a
tuning parameter  for the nonlinear observer, as shown
in Table 1. Some ;xed parameters for the pressure tank
model are also given in Table 1. The sampling time Vt
for the real time control system is 1 s.
We performed a real-time experiment in which the

set point for pressure was changed from 11 to 20 psi at

t=250 s and then back to 11 psi at t=800 s. The set
point for ?owrate is also changed from 30 to 50 ft3=h at
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Table 1
Process data and tuning parameters

R=8314:4 J=kmol K Po=101 kPa
T =25◦C Pi =377 kPa
M =29 kg=kmol V =0:0215 m3

K11 = 1:1111 s−1 K21 = 0:1667 s−1
K12 = 0:0086 s−2 K22 = 1:929× 10−4 s−2
 =0:95 Vt=1 s
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Fig. 5. Control results of pressure tank with set point change on both
pressure and ?owrate.

t=250 s and then back to 30 ft3=h at t=800 s. This is
intended to test the performance of the control system
over di6erent operating ranges.
Fig. 5 shows the control results for the pressure tank,

in which step changes are applied to both controlled vari-
ables. Fig. 6 shows results of the related parameter es-
timation. Some control experiments are also performed,
in which step changes are individually applied to the
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Fig. 6. Parameter estimation of pressure tank with set point change on both pressure and ?owrate.

controlled variables of pressure and ?owrate. The con-
trol results show the good decoupling performance of our
controller. Figs. 7 and 8 give control results and parame-
ter results when only the set point of pressure is changed,
respectively. The control performance remains good, in
spite of varying valve coeFcients as the inlet and out-
let valves change to di6erent ranges. The control results
demonstrate the ability of the adaptive controller based
on an observer to control a nonlinear, interactive, multi-
variable process with time-varying process parameters.

5. Conclusions

In this paper, a nonlinear MIMO adaptive control
strategy for chemical processes has been developed. The
GMC is found to provide a framework for adaptive con-
trol of nonlinear processes. The nonlinear observer has
been successfully applied to two nonlinear systems and
is able to successfully track the time-varying parameters.
The adaptive control strategy is easily implemented by
combining the GMC controller and a nonlinear observer
as an on-line parameter estimator. The control scheme
has some important features, in particular, easy tuning
of both the estimator and the controller. The adaptive
control strategy was successfully applied to a simulated
batch reactor and a laboratory pressure tank. Both exam-
ples demonstrate the e6ectiveness of this nonlinear adap-
tive control scheme in tracking time-varying parameters
and providing good control.

Appendix A. Model equations for the batch reactor

dMA=dt=− R1 − R2; (A.1)

dMB=dt=− R1; (A.2)
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Fig. 7. Control results of pressure tank with set point change on
pressure.

dMC=dt=R1 − R2; (A.3)

dMD=dt=R2; (A.4)

dTr

dt
=

UA(Tj − Tr)−VH1R1 −VH2R2
MrCpr

; (A.5)

dTj

dt
=

Fj1jCPj(Tjsp − Tj)−UA(Tj − Tr)
Vj1jCPj

; (A.6)

where

R1 = k1MAMB; (A.7)

R2 = k2MAMC; (A.8)
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Fig. 8. Parameter estimation of pressure tank with set point change on pressure.

k1 = exp(k11 − k21 =(Tr + 273:15); (A.9)

k2 = exp(k12 − k22 =(Tr + 273:15); (A.10)

W=MWAMA+MWBMB+MWCMC+MWDMD; (A.11)

Mr =MA +MB +MC +MD; (A.12)

CPr=(CPAMA+CPBMB+CPCMC+CPDMD)=Mr; (A.13)

V =W=1; (A.14)

A=2V=r: (A.15)

Appendix B. Physical properties and process data for
the batch reactor are given in Table 2

Table 2

MWA=30 kg=kmol k11 = 20:9057
MWB=100 kg=kmol k21 = 10 000
MWC =130 g=kmol k12 = 38:9057
MWD =160 kg=kmol k22 = 17 000
CPA=75:31 kJ=(kmol

◦C) VH1 =− 41 840 kJ=kmol
CPB=167:36 kJ=(kmol

◦C) VH2 =− 25 105 kJ=kmol
CPC =217:57 kJ=(kmol

◦C) 1j =1000 kg=m3

CPD =334:73 kJ=(kmol
◦C) Cpj =1:8828 kJ=(kg

◦C)
1=1000 kg=m3 Fj =0:0058 kg=s
r=0:5 m Vj =0:6912 m3

U =0:6807 kW=(m2 ◦C) A=6:24 m2

Initial conditions
M 0

A =12 kmol M 0
B =12 kmol

M 0
C =0 kmol M 0

D =0
T 0r =20

◦C T 0j =20
◦C
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Notation

A heat-transfer area, m2

Cp heat capacity of reactor contents, kJ=(kg ◦C)
Cpi molar heat capacity of component

i; kJ=(kmol ◦C)
Cv control valve coeFcient, gpm=(psi)1=2

Cv max maximum control valve coeFcient,
gpm=(psi)1=2

d constant of nonlinear observer
ki rate constant for reaction i; 1=kmol=s
k1i rate constant 1 for reaction i
k2i rate constant 2 for reaction i
K1 GMC controller constant or matrix 1
K2 GMC controller constant or matrix 2
Kvi ?ow coeFcient for inlet valve
Kvo ?ow coeFcient for outlet valve
li stem position for inlet valve
lo stem position for outlet valve
m mass of air, kg
M molecular weight of air
Mi number of moles of component i, kmol
MWi molecular weight of component i; kg=kmol
P absolute pressure, Pa
t time, s
T temperature, ◦C
Q heat released in reactor, kw
r radius of reactor, m
R gas constant, J=kmol K
Ri reaction rate of reaction i, kmol=s
u manipulated variable
U heat-transfer coeFcient of reactor,

kw=(m2 ◦C)
V volume, m3

V̇ ?owrate, ft3=h
x state
y controlled variable
z state

Greek letters

VHi heat of reaction for reaction i; kJ=kmol
VP di6erential pressure, Pa
Vt sampling period of GMC controller, s
� parameter
� GMC tuning constant
1 density of reactor contents, kg=m3

1a density of air, kg=m3

� ;rst-order time constant (s) or GMC tuning
constant

Subscripts

1 reaction 1(A + B→ C)
2 reaction 2(A + C→ D)

A component A
B component B
C component C
D component D
i order of matrix
j jacket
r reactor
sp set point

Superscripts

ˆ estimated
· derivative
0 initial condition
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