Exothermic Fixed-Bed Reactors

Xiangming Hua and Arthur Jutan

A nonlinear inferential cascade control strategy for a tubular fixed-bed reactor with
highly exothermic reaction is presented. Tight control of exit conversion and stabiliza-
tion of hot-spot temperature was achieved over a wide range of operating conditions. A
multiple cascade structure was developed by lumping the distributed-parameter system
and partitioning it into three subsystems. Practical issues of implementing the control
system are addressed, as well as physical insight and assumptions used for model reduc-
tion of each subsystem. The direct synthesis approach for nonlinear control systems is
used to design the controllers of the important subsystems separately. A lag was added
in the primary subsystem, and fast stabilization of the secondary subsystem was imple-
mented. Unknown temperature states and inlet concentration were estimated by a non-
linear observer from only a few temperature measurements. The control problem of the
moving hot-spot temperature was also addressed. Simulation on an industrial phthalic
anhydride fixed-bed reactor showed that the observer can give excellent dynamic track-
ing of the reactor. The resulting cascade control system can achieve good set-point
tracking and disturbance rejection performance, which is robust in the presence of mea-
surement error and model mismatch, and superior to a single-loop control system.
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Introduction

Fixed-bed reactors (FBRs) usually function as the heart of
process industries. However, in practice, fixed-bed reactors
are still often not under closed-loop control, or have only
indirect control, such as via hot-spot temperature, for the pri-
mary controlled variables. The controller design for the
fixed-bed reactor may be considerably complicated by several
intricate characteristics: (1) extreme nonlinearity; (2) dis-
tributed-parameter systems; (3) the stiff character of the sys-
tem model resulting from very different time scales of the
internal physical and chemical processes; (4) uncertain or
time-varying parameters; (5) constraints on manipulated and
state variables; (6) limited on-line measurement information.
Moreover, for tubular fixed-bed reactors with exothermic re-
actions, which are widely used for processing industries, it is
necessary to control simultaneously peak temperature and
exit concentration (or conversion), which is a primary con-
trolled variable, for preventing bed temperature from being
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excessive and achieving operation goals. In spite of this
knowledge, the reported studies concerning the control of
fixed-bed reactors have been traditionally based on a local
linearized model (Jutan et al., 1977; Jergensen and Jensen,
1990). However, linear controllers can yield satisfactory per-
formance, only if the plant is operated in a small range around
a nominal steady state. The fixed-bed reactor may be subject
to large disturbances or significant set point changes from an
on-line optimizer. Therefore, it is important to develop and
implement nonlinear control strategies for fixed-bed reactors
to allow tight operation of both controlled variables available
over a wide range of conditions.

In recent years, significant progress has been made in the
development of nonlinear model-based controller design
methods. There are a lot of reported successful applications
of new nonlinear control methods, such as feedback lin-
earization techniques based on differential geometric theory
and generic model control (GMC) (Lee and Sullivan, 1988;
Kravaris and Kantor, 1990; Bequette, 1990). GMC, which is a
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direct synthesis approach (Ogunnaike and Ray, 1994), is de-
veloped with the specific objective of incorporating the non-
linear process model directly in the control algorithm, and is
relatively easy to apply from a practical point of view. How-
ever, many applications of these nonlinear control techniques
are limited to some relatively simple process systems, such as
continuous or batch stirred tank chemical reactors, biochemi-
cal reactors, and polymerization reactors. So far, only a few
applications are concerned with studies on applications of
these techniques to complex process systems (Doyle 111 et al.,
1997). In fact, there are a number of restrictions and con-
straints encountered in applying these techniques to complex
distributed-parameter systems like fixed-bed reactors. One of
them is that the control synthesis techniques require rela-
tively low-order nonlinear lumped-parameter models. Re-
cently, Doyle 11l et al. (1997) proposed a nonlinear control
methodology for a fixed-bed reactor with exothermic reac-
tion, which is a two-tier approach: (i) develop a low-order
wave propagation model; (ii) synthesize a feedback lineariz-
ing control law for the hot-spot temperature control of the
reactor. However, it is not easy to develop a quantitatively
accurate low-order wave propagation model for the fixed-bed
reactor. Also, the control of the hot-spot temperature is usu-
ally only an indirect control for the fixed-bed reactor.

The effectiveness of cascade control in allowing improve-
ment of control performance of nonlinear lumped-parameter
systems, such as CSTR, has been well established (Chi-
dambaram and Yugendar, 1992; Liu and Macchietto, 1995).
Moreover, the introduction of the cascade structure provides
some opportunities to reduce process uncertainty, and static
and dynamic interaction. Through investigation of physical
characteristics and a detailed mechanistic model of the fixed-
bed reactor with exothermic reactions, we find that a cascade
structure is very helpful for handling the above difficult char-
acteristics and achieving the control objective. Under the cas-
cade structure, the control of both the exit conversion (or exit
concentration) and the hot-spot temperature can be achieved.
Instead of dealing with the entire system, the cascade struc-
ture allows the design of a controller for each subsystem sep-
arately. Portions of the system are often easier to handle than
the entire one since their model size is much smaller. It is
thus possible to apply nonlinear control techniques for the
controller design of each subsystem, depending on different
characteristics and control requirements. In practice, on-line
measurement of whole temperature and concentration pro-
files along the reactor is often not available, except for a few
temperature measurements and off-line concentration sam-
plings at the reactor inlet/exit. In this case, it is necessary to
estimate the unknown temperature states and infer the exit
concentration, or exit conversion. Nevertheless, with the cas-
cade structure, the inferential control can improve reliability
of the closed-loop control system (Budman et al., 1992).
Therefore, a nonlinear inferential cascade control strategy for
exothermic fixed-bed reactors based on system partitioning is
presented. Due to other benefits of using the cascade struc-
ture, the resultant nonlinear inferential cascade control
scheme for the fixed-bed reactor can be expected to create
improved control performance.

To implement this scheme for the fixed-bed reactor, some
practical issues should be addressed. Unlike classical cascade
control systems, there are here some special features, which
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result in difficult design problems. At first, the issue of a dis-
tributed-parameter process must be addressed. Since there is
strong interaction between the subsystems, and, in addition,
the primary subsystem has much faster dynamics than the
secondary one, a technique to separate partially the dynamics
of the subsystems is required. The main disturbance inlet
concentration is unknown, and affects not only the secondary
subsystem, but also the primary one; therefore, estimation and
rejection of the inlet concentration, which is usually a very
difficult task in control of the fixed-bed reactor, must be ad-
dressed. Furthermore, the temperature profile along the re-
actor may move as some inlet conditions change, and so the
control problem of the moving hot-spot temperature has to
be dealt with. In addition, estimation of unknown states and
output, and update of the time-varying physical parameter,
may be also required.

A mechanistic dynamic model that describes the behavior
of the fixed-bed reactor with exothermic reactions is given,
and a suitable lumped model is developed by the orthogonal
collocation method (OCM). A multiple cascade structure with
three subsystems is developed by a partitioning-space ap-
proach. The model reduction of each subsystem by making
use of physical insight and some reasonable assumptions is
presented. Then, a nonlinear inferential cascade control
scheme is proposed. The direct synthesis approach for non-
linear control systems is used to design the controller for the
primary and secondary subsystems, and the PID technique
for the third subsystem. A lag is added in the primary subsys-
tem, and fast stabilization of the secondary subsystem is im-
plemented. Two different control schemes with fixed and
moving hot-spot positions are developed. An estimation ap-
proach of unknown states and inlet disturbance using a non-
linear observer (Zeitz, 1977; Hua et al., 1998) is presented.
Other issues, such as output inference and parameter up-
date, are also discussed. To demonstrate the efficiency of the
resultant control strategy, closed-loop simulation studies on a
commercial-scale fixed-bed reactor for phthalic anhydride
synthesis (Chen and Sun, 1991) in the Matlab/Simulink envi-
ronment are carried out, and the results are discussed.

Reactor Model
First-principle model

In order to achieve effective model-based control and opti-
mization of the fixed-bed reactor, the development of a first-
principle model, which gives a full description of the internal
laws of the reactor, has received considerable attention in
both academia and industry. The propensity to use a rigorous
full model for fixed-bed reactor control has also been en-
hanced by increased computing power at reduced costs. So
far, many rigorous models of fixed-bed reactors are available
(Froment, 1967; Hua et al., 1998), and some of them have
been collected and coded in standard simulation libraries such
as ASPEN and DIVA (Kroener et al., 1990). Figure 1 shows
a typical tubular fixed-bed reactor, used with exothermic re-
actions. Simulation and experimented results show that their
steady and dynamic behavior can be well described by the
following dimensionless, coupled, nonlinear PDEs, in which a
pseudo-homogeneous assumption is made, radial gradients
are properly approximated, and axial diffusion of reactants,
wall capacity, and heat loss of reactor are neglected.
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Figure 1. Exothermic fixed-bed reactor.
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The definitions of some main dimensionless, normalized
model parameters are given in Appendix A.

This kind of catalytic fixed-bed reactor with highly exother-
mic reactions, is one of the processes that is the most difficult
to control in chemical engineering, because of the complex
steady and dynamic characteristics. A typical feature of the
temperature profile along the reactor is that there is a peak
(or hot-spot) temperature, as shown in Figure 2. In industrial
practice, this hot-spot temperature is traditionally considered
as a controlled variable. Although control of the temperature
at a position alone cannot ensure the regulation of the entire
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Figure 2. Typical steady-state temperature profile.

temperature profile at a desired profile, it can be justified
from the standpoint that it allows prevention of excessive bed
temperature caused by unknown disturbances. However, such
indirect control does not ensure the regulation of exit conver-
sion at its desired target value.

Lumping model via OCM

For control purposes, lumping of the distributed first-
principle model is required. A traditional approach is to lump
using the orthogonal collocation method (OCM) (Finlayson,
1972). By some straightforward algebraic manipulations, Egs.
1-3 are converted to the following (m +2) X (n + 1) nonlinear
ODEs

do,, 1 nxt I
g e Y Ai,jck,j+M(1_E)DaRk,i(Ci:TivY)
€ o
(4)
daT: n+1 n+1
d—t'=—7 YA T+AY BT,
i=0 j=0
P
+tu(l-e) X Ve R i(C i Tivie) + (T = Ty) - (5)
K'=1
daT.. n+1
dtm =72 AT+ Qo(Ti — Tgi) (6)
i=0

where C,; =C,(z;,t), k=1, ---, m; T, =T(z;,,1); T,; = T(z;,1),
i=1, ---, n+1; nis the number of interior collocation points
along the reactor length, which are chosen as the roots of
shifted Legendre orthogonal polynomials. A; ; and B; ; (i,j=
0, ---, n+1) are elements of collocation matrices (Finlayson,
1972). The other model parameters such as 7, A, ¥,, and Q
can be easily obtained from the model (Egs. 1-3). The num-
ber of collocation points n has to be chosen to make the
order of the lumped model as low as possible while keeping
the model errors in prescribed bounds.

Partitioning and Model Reduction

Unfortunately, the entire lumped model (Egs. 4-6) is usu-
ally difficult to be directly used for designing a nonlinear con-
troller for the fixed-bed reactor. The model is often too large.
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Moreover, the model is very stiff because of significantly dif-
ferent time scales between concentration and temperature
changes in the fixed-bed reactor. However, from some physi-
cal considerations, we can show that this system (Egs. 4-6)
permits a multiple cascade structure. With the above control
objective, we select coolant flow rate or jacket inlet tempera-
ture as the manipulated variable, and exit conversion (or exit
concentration) as the primary controlled variable (output).
Also, we select some state variables as intermediate outputs.
Using system partitioning, the entire system can be struc-
tured as a cascade system. Because portions of the system are
often easier to handle than the the entire one, this approach
provides a new possible way to design a nonlinear controller
for such a complex system.

Partitioning of system

There are different methods that can be used to partition a
nonlinear system. The suggested methods are only available
for nonlinear lumped-parameter systems. Some researchers
partitioned a system by a direct approach based on the physi-
cal knowledge of the system (Kozub et al., 1987; Windes and
Ray, 1992; Chidambaram and Yugendar, 1992). Liu and
Macchietto (1995) presented a partitioning-space approach
for partitioning a general nonlinear SISO system into two
subsystems. One of its advantages is that the required condi-
tions for partitioning a system are easy to check. Moreover,
this approach provides a theoretical justification for the par-
ticular decomposition of the nonlinear system. However, for
our system (Egs. 4-6), more than two subsystems have to be
dealt with, and the intermediate outputs to be selected may
not be just a pure state variable, but a function of the state
vector, because of, for example, the movement of the hot-spot
position. Therefore, their concept needs to be extended for
partitioning our system.

Let
C:[ClT"‘CMT3 Cv= [Ckl"'ck(nﬂ)]Tn (k=1,....,m)

(M
T=[Ty Tyl G))
To= [T Tensn] 9)
x=[cTTT7T]" (10)

The model (Egs. 4-6) can be rewritten in the following vec-
tor form

C=f,(X)+s,(X)d (11)
T=f,(X)+s,(X)d (12)
T.= fi(X)+ g (X)u+s,,(X)d (13)
y=h(X) (14)

where, f, s and g are nonlinear function vectors with suit-
able dimensions; h is a nonlinear function; u, y and d are
scalar control input, output, and disturbance. Here, the con-
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trol input u is chosen as coolant inlet temperature, or coolant
flow rate. The reactant feed flow rate is constrained by up-
stream or downstream units, and usually regulated to a con-
stant value. Usually, the inlet concentration is an unknown
disturbance due to unpredictable changes of reactant feed
concentration and difficulty of concentration measurement.
The inlet temperature may be often regulated separately, be-
cause its changes result in the movement of the hot-spot po-
sition. If this is not the case, the inlet temperature can be
considered as a known disturbance. It is easy to extend the
following results to the case with a disturbance vector. It
should be pointed out that the inlet temperature is not con-
sidered here as a manipulated variable to control the hot-spot
temperature, since it may exhibit an inverse response to
changes in inlet temperature. The output y is exit concentra-
tion or conversion, and thus is a function of only C. Because
it is the primary output, Eqg. 14 can be defined as

y2y,=h(C) (15

In order to partition this system, we should select two new
intermediate outputs. Because the hot-spot temperature is
usually selected as an important indirect controlled variable
in industrial practice, it should be one candidate. Another
intermediate output is chosen as the coolant temperature,
since it is traditionally used for servo control of the hot-spot
temperature. From the practical point of view, there may be
two cases. That is, when the hot-spot position is essentially
fixed, we can select
Case 1 (Fixed hot-spot position).

Yyu=Th&T (16)

Yin=Te €T, (17)

where T,, which is here a state in T, stands for a temperature
at or near the hot-spot position, and T, which is here a state
in T, is a representative coolant temperature. With this
choice, we find that the following conditions are satisfied

ot
(Q_Th;EOl f|j€f| (18)
ah, [ of,  ds,
—|—+—|=#0 (19)
ac \ aT, = aT,
and
alll £, € f 2
T, #0, fy;€fy (20)
&h“ (?f” as)
—_— + #0 (21)
JT \oT,  JT,

Thus, according to the partitioning-space concept proposed
by Liu and Macchietto (1995), the system (Egs. 11-14) can be
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partitioned as

Subsysl:  C=f,(X,T,)+s,(X)d (22a)
yi="h(C) (22b)
Subsys I1: T =f,(X,T,)+s,(X)d (23a)
yu=T, (23b)
Subsys I11: 'I"C=f,,,(X)+g,,,(x)u+s,,,(x)d (24a)
Vi =Ter- (24b)

However, the hot-spot position may move along the reactor
length. The representative coolant temperature may be con-
sidered as a temperature at some position along the jacket
length, or an average value of some coolant temperatures,
such as the inlet and outlet temperatures in jacket. Here we
assume that the T and T. are nonlinear functions of T and
T., respectively. Thus, we could have another intermediate
outputs as well

Case 2 (Moving hot-spot position)
A
Yu=h(T) =T¢ (25)
A
Yin=h(T) =T (26)

Using this choice, and if h,,(T) and h,,,(T,) have continuous
derivatives of order one, the following conditions exist

afy;

aT,T#O' fi; €1, (27)
oh, [ af,  ds, 0 28
— ==t *
aC \ aTF  oTE (28)

and
afy; ; .
F;eo, nj € i (29)
cr

ahy, [ af, asy
— + #0. (30)
aT \ aTEx  oTE

Thus, the system (Eqgs. 11-14) can be partitioned for case 2
as

Subsys I: C=f,(X,TF)+s,(X)d (31a)
yi=h(C) (31b)
Subsys Il: T = f,(X,T&)+s,(X)d (32a)
yy =T (32b)
Subsys H1: T, = f,;,(X)+ g (X)u+s,,(X)d (33a)
Y =T (33b)
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Model reduction of subsystems

Due to the complex behavior of the fixed-bed reactor, there
are strong interactions between these subsystems. In order to
implement a control system based on the partitioned system,
it is necessary to reduce the models of subsystems. The model
reduction for the entire system is usually more difficult. Here,
because of the availability of a partitioned system, it is possi-
ble to reduce the model based on the characteristics and con-
trol requirements of each subsystem. Because of the similar-
ity of the approach, only model reduction of the subsystem
(Eqgs. 22-24) is discussed.

For the fixed-bed reactor, it is noted that some physical
insight can be used for reducing the model of Subsystem I.
Because the concentration of all reactants in a catalytic bed
may dynamically change more than 1,000 times faster than
the bed temperature, the concentration can be considered to
be at a quasi-steady state. In addition, for a strong oxidation
reaction, the reaction kinetics can be approximated to be
pseudo-first-order due to the large excess of oxygen. Further-
more, it could be assumed that

() the reaction rate terms in Egs. 1-3 are separable, that
is,

R(C.T)= gc,k(c)gT,k(T)

where ¢, and ¢ are functions of only concentration and
temperature, respectively;

(b) both concentration and temperature have finite values,
or Ck,min < ” Ck ” < Ck,max and Tmin < ”T ” STmax’

For example, when considering a reaction system A— B
— C, let C, be the concentration of component A. Its reac-
tion rate can be expressed as an Arrhenius form

Y.
Ra(calT) = ®a0 EXp( - ?a)ca

where ¢ and vy are parameters, which are related to fre-
quency factor and activation energy, respectively. The above
assumptions cause Eq. 4 to be represented by the following
algebraic equation

Ca=Ga(T)pCyin (34)
where C,=[Cy **Cypnyp)]Ts G, is @ (n+1)x(n+1) nonlin-

ear function matrix

Gy(T)=|- A+diag{,u(1— e)DaQDaOexp(—%)H_ '

i=1,...,(n+1) (35)

in which A is the collocation matrix. According the above
assumption (b), the inverse of matrix in the right of Eq. 35
exists. p is a (n+1)x1 vector. In addition, the exit conver-
sion can be defined as

Cain - Ca(n+ 1)

S (36)

Yo =

ain
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Therefore, the model (Egs. 22a—22b) can be represented
as

Subsys I:  C,=G,(T,T,) PCain 37

Yi="Y (38)

Similarly, under the above assumptions, all C, (k=1, ...
m) can also be approximated by appropriate expressions
which are functions of T, and thus the concentration vari-
ables in Eq. 23a can be eliminated. Therefore, we get the
reduced model of Subsystem |1

Subsys I1: T =®(T)+bT,, +I'(T)Cu, (39)

Yu=T, (40)

where @, T" are (n+1)x 1 nonlinear function vectors, and b
are a (n+1)x1 vector.

In practice, the control of coolant temperature is often
made relatively simple. In fact, by simulating the behavior of
the reactor, it is found that the jacket can reasonably be ap-
proximated to be a lumped-parameter system. It reflects the
fact that the jacket is assumed to be well mixed. The coolant
is usually chosen as a very large heat capacity material, such
as cooling oil, and can be considered to be thermally unaf-
fected by the contents of the reactor. Thus, the coolant tem-
perature profile along the jacket length can be eliminated,
and instead only a temperature at a position along the jacket
or an average one could be considered. Therefore, the dy-
namics of the Subsystem 111 can be approximated by a first-
order ODE

T, =a.T, +b.u (41)

Yin =T (42)

Subsys I1:

where a;, b, are constant parameters to be identified.

It should be pointed out that the above reduction ap-
proach can be used for the case when the reaction kinetics is
not first-order, if some approximations to the concentration
expression &,(C) in the reaction kinetics can be made. In ad-
dition, some other nonlinear model reduction approaches can
also be used for the model reduction of the above subsys-
tems, such as developing a low-order wave propagation model
for the Subsystem Il (Doyle 111 et al., 1997).

Cascade Control System Design

Based on the above partitioning of the system, a multiple
cascade control structure is developed by considering T, (or
T#) and T, (or T¢) as intermediate control inputs for Sub-
system | and Subsystem 11, respectively, as shown in Figure 3.
Under this structure, the control objectives of the fixed-bed
reactor can be achieved. The control of the exit conversion
(or exit concentration) can be achieved through the primary
controller. The control of the hot-spot temperature can be
dealt with as a stabilization problem. This can be achieved by
designing a proper secondary controller which is required to
reach efficient servo control of T,. Such a cascade control
structure can accommodate various standard or nonlinear
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Figure 3. Cascade control system.

control techniques in each subsystem. Since the controller for
each subsystem can be designed separately, it is possible to
select a suitable control technique for different subsystems,
depending on the characteristics and the control require-
ments of the specific subsystem. In our case, as mentioned
above, the dynamics of the third subsystem is relatively sim-
ple. Moreover, this loop aims mainly to achieve servo control
of T,. Therefore, we design a conventional PID controller
for the third subsystem. It should be noted that the closed-
loop bandwidth of the third loop must be designed to be
greater than that of the secondary one so as to dynamically
decouple the two loops.

Because of their complexity, more attention should be paid
to the design of the primary and the secondary controllers.
Their designs are strongly affected by the complex nonlinear
dynamics of these subsystems, and the important control ob-
jectives of the fixed-bed reactor. Furthermore, unlike classi-
cal cascade control systems, there are some unusually diffi-
cult features in the present system. The dynamics of the pri-
mary subsystem is at quasi-steady state, and thus is much
faster than that of the secondary one. The hot-spot tempera-
ture may move as some inlet conditions change. The dis-
turbance of unknown inlet concentration enters not only the
secondary subsystem, but also the primary one. Also, all tem-
perature states along the reactor length are often not mea-
surable. Therefore, we use nonlinear control techniques to
design these controllers, and develop an inferential cascade
control system, as shown in Figure 3. The part blocked in the
longest broken line represents the partitioned system. The
NLC_p and NLC_s stand for the primary and secondary
nonlinear controllers, respectively. The solid line stands for
on-line, the broken one for off-line, or the signal with a rela-
tively large sampling interval. In addition, this figure also
contains several estimators, such as state and disturbance, and
output estimator, which will be discussed in the next section.
A dynamic output compensator is included in Figure 3 with
the attempt to compensate for the estimated output using the
sampling data of the outlet concentration measured by a gas
chromatographic (GC) device. This is not directly used for
the feedback control since it has a relatively slow sampling
rate. Therefore, this is a nonlinear inferential cascade control
system.

Direct synthesis approach of nonlinear controller design

Some existing nonlinear control techniques can be applied
for the design of the NLC_p and NLC_s. Here, we propose
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using a direct synthesis approach (Ogunnaike and Ray, 1994).
The approach is developed with the specific objective of in-
corporating the nonlinear process model directly in the con-
trol algorithm. The generic model control (GMC) presented
by Lee and Sullivan (1988) is such an approach. If the rela-
tive order of the process is one, GMC is equivalent to GLC
(global input/output linearization controller). The formula-
tion of the GMC controller is relatively straightforward, and
its tuning is simple. Importantly, this approach has several
advantages that are desirable for designing control systems of
the fixed-bed reactor:

(a) The nonlinear (reduced) process model is directly in-
corporated in the control algorithm, allowing for the inherent
nonlinearity of the fixed-bed reactor to be taken into ac-
count;

(b) Tedious (even difficult) algebraic manipulations for
control laws due to the complex reduced model of subsys-
tems, which may occur when using, for example, the feedback
linearization technique based on differential geometric the-
ory, are avoided,

(c) Feedforward control action is explicitly included in the
control algorithm;

(d) Some difficult design issues in the cascade control sys-
tem of the fixed-bed reactor can be handled, since the basic
GMC method can be extended, for example, to allow for a
steady-state model to be used and for the incorporation of
process constraints.

Assume that a given real process can be described by fol-
lowing SISO nonlinear equation

x=f(x,u,d) (43)
y=h(x) (44)

where x is a N X1 state vector; u, d, and y are scalar input,
disturbance, and output, respectively. f and h are a Nx1
nonlinear function vector and nonlinear function, respec-
tively. According to the GMC basic principle (Lee and Sulli-
van, 1988), we can get the control algorithm which consists of
three terms (with dynamic process model, proportional ac-
tion term and integral action term, respectively)

~ ~

fo(X,U,d)— Kl( Ysp — Y)_ KZ_/:(YSp - Y)dt= 0 (45)

where I:fx = aﬁ/&x, fand h represent the approximation to
the true model (Egs. 43 and 44), K, and K, are tuning pa-
rameters, and Y, is the set point of the output. The control
law (Eq. 45) directly imbeds an approximate dynamic nonlin-
ear model. Through tuning the controller, reasonable
closed-loop performance specification can be achieved. Any
mismatch between the predicted behavior from the model and
the real process will be compensated for by the integral term.
This term insures not only robust behavior in the presence of
model error, but also the elimination of steady-state offset.
However, for fast stabilization control, it may not be wise to
use too much integral action.

In order to implement the cascade control system, some
connective steps in designing both the primary and secondary
controllers by the GMC technigue should be followed. To
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partially separate the dynamics between the primary loop and
the secondary loop, we propose adding a lag in the primary
loop, and doing fast stabilization in the secondary loop. Since
the GMC algorithm provides the nonlinear feedforward ac-
tion, the disturbances entered into both the primary and sec-
ondary loops can effectively be rejected. Different cases, with
fixed and moving hot-spot positions, require accommodation
in each of their respective subsystems.

Design of NLC_s

When the movement of hot-spot position is negligible, the
NLC _s can be designed based on the reduced model (Eqgs.
39-40) of Subsystem I1. In this case, y,, can be expressed as

yu=Ty=c'T (46)

where ¢T=[0---1 0---0] is a 1xX(n+1) vector, in which the
element 1 corresponds to the state at or near the hot-spot
position. Thus, the GMC control algorithm of NLC _s can be
obtained based on the Subsystem 11

T = [670] =T [0(T) + T(T)Cy]
+Kﬂe+KQ£w* (47

where the output of NLC_s is the set point of the third loop,
and thus represented by T, o, e =Ty —Th, Ky and K,
are tuning parameters of NLC_s.

When the hot-spot position is moving, a modification of
the control algorithm is required. If the hot-spot temperature
can be expressed by Eq. 25, the GMC control algorithm of
NLC_s is

ghy, 17 ohy,
Tcr,spz[?b] {_F[(I)(T)'FF(T)Cain]

+Kﬂe+Kﬂtw&. (48)
0

However, in practice, it is difficult to get an analytic mathe-
matical expression (Eq. 25) of T for the hot-spot tempera-
ture. Here, we propose the following procedure: first, esti-
mate the hot-spot temperature T,, (or the maximum tempera-
ture) based on T by, for example, the interpolating tech-
nique, and then implement the control law

_ t
Tcr,sp =by, - q)h(Th) - 1_‘h(Th)Cain + Kge+ Ksz'/(; edt}
(49)

where by, ®,, and T}, can be obtained from the model (Eq.
39).

It can be noted that the output of the above GMC con-
troller can be explicitly represented, because the subsystem
Il has a control affine form. Implementation of such control
algorithms is straightforward.
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Design of NLC _p

Since the reduced model (Eq. 37) of Subsystem | has a
steady-state form, the above basic GMC method cannot be
directly used for designing the NLC_p. Cott et al. (1989)
proposed an extension of GMC for steady-state models by
introducing some estimate of the process dynamic response.
In our case, the problem is more complicated, because the
primary loop is much faster than the secondary loop, which is
very poor practice for cascade control. Therefore, it is neces-
sary to decouple the dynamics between the two loops. There
are some methods to solve this problem. For example,
Bramilla and Semino (1992) introduced a nonlinear filter be-
tween the two controllers. Here, we propose to augment the
model of the Subsystem | with a simple lag. Thus, the dynam-
ics of the two loops can be properly separated by tuning the
parameter of the lag. Moreover, such a combined process
model can be used for designing a GMC controller for the
primary loop. Through some algebraic manipulations to the
model (Egs. 37-38), the output of Subsystem | can be ex-
pressed as

Yi = W(TvTthain) (50)

where w is a nonlinear function. When the lag 1/A7,s +1) (7,
is a tuning parameter) is added, we get

y= Ti[W(T’ThYCain)_ y] (51)
p

According to the GMC principle, the control algorithm of
NLC_p can be developed based on the model (Eq. 51)

1 t
_ T—[W(T,Th_sp,cain) —y]+ Kpe+ szfoedt=o (52)
p

where e=yg, — VY, Yy, represents the set point for exit con-
version (exit concentration); K,; and K, are tuning param-
eters of NLC_p. Since the output of the NLC_p is the set
point of T,, we use T, to represent it. When the hot-spot
position is moving, the control algorithm (Eq. 52) should be
appropriately modified. In addition, since the control algo-
rithm is implicit in Ty, ,, it requires some iterative numerical
method for solving.

State (Disturbance) and Primary Output Estimation

The implementation of the control system of the fixed-bed
reactor requires some knowledge such as concentration and
temperature profiles along the reactor. In industrial practice,
there may be only some off-line samplings of concentration
at the reactor inlet/exit, since it could be very problematic to
measure the concentration on-line. Although, in some cases,
concentration analyzers such as a GC device are installed,
they are usually expensive to operate and maintain, and have
relatively slow sampling rates. In addition, the reactors may
be built with just a few temperature measurement points.
Therefore, it is necessary to estimate unknown temperature
states at some collocation points, inlet concentration (main
disturbance), and output concentration (related to primary
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output) on-line. In this work, the partitioning of the system
facilitates the estimation of the unknown states, output and
model parameters, and even the disturbances of the fixed-bed
reactor. Here, we will implement these estimators based on
the reduced models.

Estimation of state and disturbance

Due to the availability of the reduced model, there are some
approaches to estimate the unknown states, such as the ex-
tended Kalman filter. Generally, a more difficult task is to
estimate the disturbance, inlet concentration, particularly for
the fixed-bed reactor. Several alternative ways are possible
for estimating the disturbance of a process, but they are em-
pirical approaches, and often applied to lumped-parameter
processes such as the CSTR. Two factors are important for
insuring convergence and accuracy of the estimate: how to
appropriately structure the unknown disturbance and how to
estimate it. Here, we present a combined state and dis-
turbance estimation approach to estimate the unknown tem-
perature states and inlet concentration. We set the inlet con-
centration C,;, as a new state variable in an extended system,
and then design a nonlinear state observer.

Considering the common practice in industry, we assume
that the unknown inlet concentration can be described by a
simple disturbance model

Cain= {(t); Z(O) =Cy (53)
where /(t) is assumed to be an unknown, but bounded func-
tion. Some researchers employed ¢(t) = 0 for disturbance es-
timation, or assumed a constant inlet concentration in some
small time interval. Combining the reduced model (Eq. 39)
and the disturbance model (Eq. 53), we have the following
extended state model for estimation problem

T=®(T)+bT, +I(T)Cy, (54)
c-:ain = f(t) (55)
Y=c'T (56)

where Y stands for a temperature measurement vector.

There are many studies on nonlinear observers, but the
available results are problem-dependent, suitable for a very
restricted class of nonlinear systems (Soroush, 1997). For the
estimation problem of the Eqgs. 54-56, some theoretical re-
sults about, for example, the observability and convergence
of such an observer problem have been presented. And, also,
some researchers developed nonlinear observers (Farza et al.,
1997). When ¢ =0, some researchers showed that the esti-
mation error converges exponentially to zero (Deza et al.,
1992). Here according to the common practice in the indus-
trial fixed-bed reactor, we assume { = 0, and use an extended
Luenberger observer

T=o(T)+bT, + I(T)C,+ L(Y-T)  (57)

~

Can=Lo(Y—Y) (58)

May 2000 Vol. 46, No. 5 987



where L, and L, are gains of the observer. These observer
gains could be nonlinear function matrices with respect to
state and input variables of the observer. Then since the ob-
server structure is fixed, the remaining problem is the choice
of the gains L, and L, to meet the general requirements on
an observer such as asymptotic stability and fast convergence
to the real states. We adopt the Zeitz's concept (Zeitz, 1977;
Hua et al., 1998) to design the observer gains, the details of
which are given in Appendix B. According to this concept,
the nonlinear function gain matrix can be easily designed. If
the observability of the system is satisfied and the gains are
properly designed, the observed states and disturbance can
converge to the true ones.

Estimation of output

The output (exit concentration or conversion) can be esti-
mated from the information about temperature and inlet
concentration. Based on the reduced model (Egs. 37-38) of
Subsystem 1, we propose the open-loop output estimator for
exit concentration

Vpl = CTGa(T) PCain (59)
or for exit conversion is

Fp=1- St (60)

Cain

where ¢c"=[0 --- 1], G, and p are obtained from Eq. 34.

In addition, it should be pointed out that in the first-princi-
ple model of the fixed-bed reactor there are some physical
parameters, such as catalyst activity and wall heat-transfer
coefficients that are only approximately known or that may
vary during plant operation (due to the decay of catalyst ac-
tivity and fouling). It is necessary to update these model pa-
rameters to reflect these changing conditions. Since, usually,
the change of these parameters is relatively slow, an off-line
estimation strategy may be suitable for the parameter updat-
ing. The estimation can be based on the reduced model (Eq.
39) or its steady-state model and some measurements. Some
estimation technique such as the nonlinear least-square
method can be used for determining the values of the model
parameters that produce the best agreement between the
model and the real process.

Case Studies

In order to demonstrate the efficiency of the proposed
control strategy, a commercial-scale fixed-bed reactor for
phthalic anhydride synthesis (Chen and Sun, 1991) is consid-
ered as an application example. This reactor consists of 2,500
tubes with diameter 2.5 cm packed with V,O5 catalyst and
surrounded by molten salt for cooling. The feed stream con-
tains o-xylene and air, with air in great excess to avoid explo-
sion limits and suppress the temperature rise. The reactions
taking place in the reactor are one parallel and two consecu-
tive reactions

CgH,(CH,),+30, » C¢H,C,0,+3H,0 (61)
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CeH,C,0; +7.50, - 8CO, +2H,0 (62)
Ce¢H,(CH,),+10.50, - 8C0O, +5H,0  (63)

These reactions are strongly exothermic. The oxidation reac-
tion mechanism of o-xylene to phthalic anhydride has been
well studied, and the physical model for the phthalic anhy-
dride reactor has also been established (Froment, 1967). Ob-
viously, this is a reaction system with p=3 and m=2. Due
to oxygen in excess, their dimensionless reaction rates can be
expressed by

Y1

R,= kOleXp(_?)cl/Rref
Y2

R, = kozeXp(_?)Cz/Rref
Y3

Ry= kOSEXp(_?)Cl/Rref

R,=—R,— R,

'32: Ri—R;

where C, and C, are the dimensionless concentration of o-
xylene and phthalic anhydride, respectively; R; (i=1,2,3) are
the rate of the ith reaction in Eqgs. 61-63. It is assumed that
the axial heat conduction is negligible. Thus, under the as-
sumptions given in Eq. 1, the detailed first principle reactor
model consists of four coupled dimensionless nonlinear par-
tial differential equations representing two material balances
and two energy balances. The operating conditions and val-
ues of physical parameters of the reactor, which are the same
as used in Chen and Sun (1991), are given in Table 1.

From a practical perspective, industrial fixed-bed reactors
traditionally rely on tight control of coolant temperature in
achieving optimal operation of the reactor. Here, it is as-
sumed that the coolant temperature is controlled by a con-
ventional PID technique. Also, the inlet flow rate and the
inlet temperature are individually regulated to keep constant
using conventional controllers. The behavior of the reactor
was investigated in many steady-state and dynamic simula-
tions based on the first principle model of the reactor. It was
found that the reactor has some physical constraints on the
manipulated and state variables such as 628 K < T, <700 K

Table 1. Values of Physical Parameters and Operating
Conditions

pr = 0.582 kg/m®

pe = 1,851.456 kg/m?®
ps = 2,000 kg/m®

Cpr =1,045 JAkg- K)
C,. = 483.559 JAkg- K)
Cps = 836.0 J/kg-K)
ro=0.0125m
r,=0.0225m

U =96.02 JAm?-s-K)
C,er = 0.1811 mol/m?

L=4m

€=035

Ko, = 2.418X10° 1/5

Kgp =2.706<10° 1/5

ks =1.013x10° 15

E, =1.129x10° J/mol

E, =1.313x10° J/mol

E; =1.196 X 10° J/mol

— AH, =1.285x10° J/mol
— AH, =3.276x10° J/mol

— AH,; =4.561x10° J/mol T,e =628.0K

Ciin = 0.1811 mol/m? v=206m/s

T =6280K v, =2.0m/5

TX, =6280K P = 27-29 psig (186-200 kPa)
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and 590 K < T, <633 K. The position of the hot-spot tem-
perature is near z* = 0.4 m for the considered case. The re-
sults showed that this reactor exhibits severe nonlinearities.
Figures 4-5 show dynamic temperature profiles along the re-
actor after a 4 K step increase and a 10 K step decrease of
the representative coolant temperature, respectively.

System partitioning

The orthogonal collocation method was used to lump the
first-principle model of the reactor. For the considered cases,
we found that the approximation accuracy of the nonlinear
lumped parameter model with six interior collocation points
is sufficient. The approach of partitioning and model reduc-
tion given in the third section is applied to the above reactor
system and results in 28 ODEs. According to the above as-
sumptions, the movement of the hot-spot position could be
considered negligible for this case. We consider the exit con-
version of o-xylene as the primary output, and select two new
intermediate outputs: the hot-spot temperature T, (here, T,
because this state is near the hot-spot position) and a repre-
sentative coolant temperature T,. Such a selection of inter-
mediate outputs satisfies the partitioning conditions (Egs.

670 ' '
— t=0s

A660' o 1=30s
% —-- t=60s
: ssol - - t=120s
©
: saol % —x t=600$
2

830y TRp -

620
0

Distance (m)

Figure 5. Temperature profiles after 10 K step decrease
of T..
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18-21). Therefore, through similar discussion, we get the fol-
lowing three subsystems

Subsysl:  C;=A(T,T,)Cyi (64)
Vi =Y (65)

Subsysll: T =®(T)+bT, + I (T)Cyy, (66)
yn=Th (67)

Subsys I1l: T, =a,T,, +b.u (68)
Yin = Te- (69)

where C; and T are (7 x1) o-xylene concentration and tem-
perature state vectors, respectively A, @, I' are (7 X 1) nonlin-
ear function vectors, and b is a (7x 1) vector; a,b, are con-
stant parameters to be identified.

Design of nonlinear observer

In industrial practice, usually only a few temperature mea-
surements, such as inlet, outlet, and hot-spot temperature,
are available. Therefore, unknown temperature states should
be estimated to implement the control algorithms. Also, no
on-line measurement of inlet and outlet concentration (C, ;,
and C, ) are available. Thus, we need to design one nonlin-
ear observer (Egs. 57-58) to estimate unknown temperature
states and inlet concentration simultaneously. Once we ob-
tain this information, the estimation of exit concentration, or
conversion, is straightforward by Eq. 59 or 60.

The observer is designed based on the reduced model Eq.
66 and a measurement equation with two outputs: the hot-
spot temperature (T,) and outlet temperature (T,). For such
a nonlinear system, it is generally difficult to do the observ-
ability analysis. It depends on some factors, such as the be-
havior of the system and the location of measurements. To
guarantee the observability of the system, at least one mea-
surement point needs to be located in a region near the hot-
spot position. Here, through checking the rank of the observ-
ability matrix of the linearized model of Eq. 66, it is found
that observability conditions could be fulfilled for the above
two measurement locations. The observer is designed by the
approach given in Appendix B. One of the advantages of this
design approach is its simplicity for tuning. Due to big differ-
ence between the dynamics of the temperature state and the
inlet concentration, we should design two parts (Eg. 57 and
Eq. 58) of the observer separately. Thus, the design objective
becomes to determine two gains L, and L, such that the
observation error asymptotically and rapidly tends to zero for
various initial conditions.

This observer was tested in several nonlinear simulation
studies in the case of different tuning parameters, initial ob-
servation error, random noisy measurement, and the number
or location of the measurement points. Through the simula-
tion studies, we found that for a good estimate of inlet con-
centration, one measurement near the hot-spot could be used.
Thus, the design results in only two parameters «, and «, to
be tuned for this observer. A reasonable choice of two pa-
rameters of the observer are x; =1,500 and «, = 50,000 for
the considered case. Figure 6 shows the transient behavior of
the real and observed temperature states and inlet concen-
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Figure 6. Transient behavior of observer with initial er-

ror: T,(0)=628.0 K (i=1, --+, 7) and C,;,=0;
and a 19 K step decrease of coolant tempera-
ture.

—— True; ——— estimate.

tration, wﬁen there is a big initial observatign error due to
selecting T;(0)=628.0 K; (i=1, -+, 7), and C,;, = 0; and the
coolant temperature makes a 19 K step-decrease. Figure 7
illustrates the transient behavior of the real and observed
temperature states and inlet concentration, when there are
no initial observation errors, but noisy measurements (each
temperature measurement signal is superimposed by a band-
limited white noise); and the coolant temperature undergoes
a 4.5 K step-increase and inlet concentration undergoes a 0.2
(or 20%) step-decrease near t =400 s. From these figures, it
can be found that despite various large variations for differ-
ent initial conditions, the estimates of the observer rapidly
converge to the real state (temperature) and disturbance (in-
let concentration) of the reactor. Also, the observer is very
robust against random measurement noise and the number
or location of measurement points even against a large model
parameter mismatch. Figure 8 gives the behavior of the ob-
server under the same conditions as Figure 6, but a decrease
in the catalyst activity from 1.0 to 0.85 (or —15%) of the
reactor occurs. In this case, the estimate of temperature is
still pretty good, but the estimate of inlet concentration may
give a small steady-state bias.
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Design of nonlinear inferential cascade control system

Based on the partitioned system, a cascade control system
can be designed as discussed earlier. Because of the effec-
tiveness of the nonlinear observer and the output estimator,
they are integrated into the cascade control system to achieve
a nonlinear inferential cascade control, as shown in Figure 3.
In this cascade control system, we assume that the bandwidth
of the third loop is designed to be larger than that of the
secondary one, which implies that the PID controller can ef-
fectively track the coolant temperature set point, which is the
output of the secondary controller. Obviously, the primary
and secondary loops play a relatively important role in con-
trol performance. Therefore, in the following, we focus our
attention on the study of the main controllers, that is, the
primary and secondary controllers, of the cascade control sys-
tem. Due to the physical constraints on the hot-spot and the
coolant temperature, the control of the primary controller is
permitted to change the set point of the secondary one by
628 K sThvsps7OO K, and the control output of the sec-
ondary controller is permitted to change the set point of the
third controller 590 K <T ,, <633 K. In the following, a
simple “clipping” approach is used for the above constraint
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handling in the controller design. It is also assumed that the
GC sampling data of inlet and outlet concentrations is not
available.

As discussed in the fourth section, the GMC control is
shown to have some important advantages. Therefore, al-
though other nonlinear control techniques are available, we
use the GMC technique to design the primary and secondary
controllers, that is, NLC_p and NLC_s of this control sys-
tem. We have shown that the GMC control algorithms of
NLC _p and NLC_s can be developed based on the reduced
models of Subsystem | and II, respectively. In this case, the
primary controller NLC _p has the same control algorithm as
Eq. 52, but the temperature state is estimated by the nonlin-
ear observer and the exit conversion is obtained from the
output estimator

1, .
— = [w(TToe) - 7] + Ko+ szfotedt=0 (70)

Tp

where the nonlinear function w can be obtained from Eqgs.
64-65; e =y, — ¥. The secondary controller NLC_s has the
same control algorithm as Eq. 47, but the temperature state
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and disturbance are the estimates from the nonlinear ob-
server

Tcr,sp = [CTb]il{ - CT [Q)('l’:) + F(f)éain] + Ksle
+ Ky, tedt} (71)
0

where ¢"=[0100000]; b, ® and I are obtained from Egs.
66-67; e =Ty, — Ty, In designing the above controllers, one
important task is to determine the tuning parameters Ky,
Ks2o Kpis Ky, @nd 7. To partially separate the dynamics be-
tween the two loops, the proper choice of K, K,, and 7, is
important. Since we use GMC, it is convenient to use its tun-
ing guide for choosing controller parameters. Since the con-
trol algorithm (Eq. 71) is explicit in the output of the con-
troller NLC_s, its implementation is straightforward. How-
ever, since the control algorithm (Eq. 70) is implicit in the
output of the controller NLC_p, an iterative numerical
method should be used for solving. Here, the control Eq. 70
is solved at each control interval using a nonlinear least-
squares method, that is, the Levenberg-Marquardt method.
The nonlinear observer designed above is used in the infer-
ential cascade control system. Thus, the feedforward action
in the above control algorithm for rejecting the unknown dis-
turbance (inlet concentration) can be effectively achieved.
Also, the exit conversion can be inferred using the estimator
(Eq. 60).

The set point tracking and disturbance rejection perfor-
mance of the resulting nonlinear inferential cascade control
system was investigated through many closed-loop control
simulations. It was found that a reasonable choice of tuning
parameters of both controllers NLC_p and NLC_s are Kpl
=0.01, K,,=6.25e -6, 7, =70, K;; =0.03, and K,, =0 for
the considered case. Under this condition, the closed-loop
control system achieves excellent set point tracking and regu-
lation performance. Figures 9-10 depict the closed-loop con-
trol performance when the set point of exit conversion was
increased by 5% to 0.9 and decreased by 10% to 0.77, respec-
tively. In the figure, the broken lines show the set point
changes of exit conversion and hot-spot temperature (calcu-
lated output of NLC_p), as well as the coolant temperature
(calculated output of NLC_s), and the solid lines show the
responses of the actual process. Figure 11 shows the closed-
loop control performance when the inlet concentration was
decreased by 20% to 0.8. To test the robustness performance
of the control system, changes in process model parameters
and white noise were applied to the process control simula-
tions. Figures 12-14 show the closed-loop control perfor-
mance with the same conditions as in Figures 9-10 and Fig-
ure 11, respectively, but with a decrease in the overall heat-
transfer coefficient of the process by 15% from 96.02 to 81.62.
When there is a decay of catalyst activity, the control perfor-
mance is also very good. Figure 15 shows the closed-loop
control performance when the inlet concentration was in-
creased by 20% to 1.2, and the catalyst activity coefficient of
the process was decreased by 15% to 0.85. Although the con-
trol system may not drive the process response to the set point
in some cases due to the physical constraints, the system is
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still stable, as shown in Figure 16. This figure shows the re-
sult when the set point of exit conversion was increased by
5% to 0.9, and the catalyst activity coefficient of the process
was decreased by 15% to 0.85.

Comparison with single-loop control strategy

A single-loop control strategy of exit conversion for the
above fixed-bed reactor is implemented using coolant tem-
perature as the manipulated variable. The same operating
conditions and constraints on coolant temperature (590 K <
T, <633 K) are employed. The nonlinear observer designed
above is used to estimate the exit conversion. The adaptive
generalized predictive control (GPC) (Clarke et al., 1987) is
well established and has been successfully applied to the con-
trol of many nonlinear processes, and is used here to design
an alternate controller. The GPC tuning parameters are set
according to the guidelines of Clarke et al. (1987). In this
case, the minimum costing horizon N;, the maximum costing
horizon N,, the control costing horizon N, and control
weighting are selected as 1, 12, 1, and 0.1, respectively. In the
adaptive GPC, model updating is based on a recursive least-
squares parameter estimator with a forgetting factor (which
is a weighting to exponentially discount older measurement
information). Based on the dynamics of the open-loop behav-
ior from coolant temperature to the estimated exit conver-
sion, the sampling time was chosen as 30 s, and the n,, ny,
and n,, which are the corresponding orders and delays in the
ARIMAX model, are chosen as 2, 2, and 1, respectively. The
forgetting factor is 0.99. Figure 17 shows the closed-loop con-
trol result when the same change of set point (5%), as in
Figure 9 is made. Due to model adaptation, even though the

May 2000 Vol. 46, No. 5 993



0.95

09} e mmmmmoo o

0.85

exit conversion

0.8

0.75
665

< 660

a
5 655

g 650 \\/”——_
2]

S 645
£

0 200 400 600 800 1000 1200

640
645

640

4

£ 635

T

2630} _ !

E 1~

8 625
620

0 200 400 600 800 1000 1200

0 200 400 600 800 1000 1200

time (sec)

Figure 16. Control performance after a 5% step in-
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decrease in the catalyst activity of the reac-
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same operating conditions are used, it takes some time for
exit conversion to approach its steady-state value. Hence, the
step change in set point has to be made at 1,000 s, instead of
200 s as in Figure 9. Compared with Figure 9, the closed-loop
response of this single-loop control system is much more
sluggish. There also appears to be small oscillatory behavior
despite parameter adaptation. This may be due to the diffi-
culty of achieving parameter convergence in this system with
rapidly changing nonlinear dynamics.

Conclusions

The primary objective of this work was to develop an ad-
vanced nonlinear control strategy for exothermic fixed-bed
reactors in order to improve control performance. A new
nonlinear inferential cascade control strategy for the reactor
was presented in this article. An important first step was to
partition the entire system into subsystems using a theoretical
basis combined with physical insight. A multiple cascade
structure was then developed based on this system partition-
ing approach. This approach allowed the nonlinear controller
and the state estimator to be designed based on subsystems,
rather than having to deal with the entire system. Thus, this
approach extends the applicability of advanced nonlinear
control techniques to highly complex processes like fixed-bed
reactors, which are described by partial differential equations
(PDEs). Moreover, the cascade structure provides some im-
portant benefits for control of the fixed-bed reactor such as
allowing multiple control objectives, hot-spot position move-
ment, hard constraint handling on both state and control
variables, reducing dynamic coupling between loops, and af-
fects of load disturbances. The cascade structure combined
with inference of output variables can greatly improve relia-
bility and robustness. Through many closed-loop process con-
trol simulations with an industrial phthalic anhydride fixed-
bed reactor, it was shown the proposed control strategy can
achieve tight control of the exit conversion and stabilization
of the hot-spot temperature over a wide range of operation
conditions. Its set point tracking and disturbance rejection
performance and robustness are excellent, and superior to
the single-loop control strategy, where an adaptive GPC was
used to design the controller.

The cascade structure can accommodate existing standard
or various nonlinear control techniques for the controller de-
sign of each subsystem, depending on different characteris-
tics and control requirements. The direct synthesis approach
(GMC) was found to be very desirable in designing nonlinear
controllers based on subsystems. Using GMC, the control
system has some definite advantages such as the direct em-
bedment of the reduced nonlinear process model in the con-
trol algorithm, feedforward compensation, and easy tuning.

In general, it is a difficult task to estimate unknown dis-
turbances, states, and outputs of the fixed-bed reactor. This
work addressed this practical issue. The partitioning of the
system facilitates the estimation of the unknown disturbance,
states, and outputs of the fixed-bed reactor. In this work, a
composite state and disturbance nonlinear observer was pro-
posed to estimate the unknown temperature states and inlet
concentration, and then an output estimator was developed
to estimate exit concentration or conversion. Excellent dy-
namic tracking performance and robustness of the nonlinear
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observer against severe model mismatch and measurement
errors were demonstrated. Also, the nonlinear observer and
output estimator were successfully integrated into the nonlin-
ear inferential cascade control system.

The development of the above nonlinear inferential cas-
cade control strategy was based on a first principle model of
the fixed-bed reactor. The model reduction of subsystems was
successfully handled based on physical insight and some rea-
sonable assumptions on the fixed-bed reactor. In fact, under
the cascade structure, other model reduction approaches
(Doyle 111 et al., 1997) can be used for reducing the model of
subsystems. Also, the above nonlinear cascade control con-
cept for exothermic fixed-bed reactors can be extended for
the other cases such as when the first principle model of the
fixed-bed reactor is not available.

Notation

A = orthogonal collocation matrix
B = orthogonal collocation matrix
C, =dimensionless concentration of component k (k =1, -+,
m); le/cref
C, =heat capacity, JAkg-K)
E, =activation energy of reaction k' (k' =1, ---, p), J/kmol
(= AH,) =heat of reaction k' (k'=1, ---, p), J/kmol
ko, =reaction rate frequency factor k' (k' =1, -
K =tuning parameter of GMC controller
L,, L, =gains of observer
L =reactor length, m
m = number of independent component
p =number of reactions
ro =reactor radius, m
r, =coolant tube radius, m
R, =gas constant
R, =dimensionless rate of reaction k' (k' =1, -+, p), R*/R
t =dimensionless time; t*u/L
T =dimensionless bed temperature along the reactor;
T*/Tref
T, =coolant temperature vector
U =overall heat-transfer coefficient, JAm?-s-K)
v =feed velocity, m/s
z =dimensionless axial distance; z*/L
e =void volume fraction of reactor
= catalyst activity
p =density, kg/m®
A, =heat conduction coefficient
7, =parameter of lag

. P L

Subscripts

a=component A
¢ =coolant
cr =representative coolant (temperature)
f =fluid
h = hot-spot
in =inlet
I, p=primary
11, s=secondary
11 =third
ref =reference
s =solid catalyst
sp =set point

Superscripts

x =real value of reactor variables
=estimate, approximate
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Appendix A

The dimensionless, normalized model parameters in Egs.
1-3 are defined as follows

LR Ey
Da= ref ; Ve = k

v R gTref

(K=1,...,p);
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C 1-€)p,C, + €p;C
,3= ref ; Le=( )s ps f pf;
pfcpf ref pfcpf
vLp:C 2UL
Pe,, = ﬁ; o=—";
)‘er I’Oupfcpf
v, 2UL ( fo )2
= cT , r=rfl—] -1
v rp.Cpoc r,
Appendix B

Consider the following general nonlinear system

x = f(x,u); x(0) = x,
y=c'x. (B1)

where X, u, and y are state, input and output (measurement)
vector with suitable dimension, respectively; f is a nonlinear
function vector, ¢ is a constant vector. To estimate the un-
known state x based on known information y and u, we con-
struct the following nonlinear observer

X=f(%, u)+ LR u)(y-9: RO)=% (B2)
where L is an observer gain, which is a nonlinear function
matrix with respect to the state and input of the observer.
This nonlinear observer design problem is solved by a study

of the appropriate differential equations for the errors be-
tween the true and the observed process states (Zeitz, 1977).

Introducing the observation error
e=X-x (B3)

The following differential equation results after subtraction
of the above Egs. B1 and B2

g=X—x=f(%, u)— f(x,u)— L(X, u)cTe (B4)

Linearization yields

J
elg=|—1| — L(X, u)c |e B5
5 (M (%, u) ) (B5)
If the gain is chosen as
L(X T af‘ | B6
X,u)c' =—| +
(Ru)eT=—| +x (B6)

where « is a positive tuning parameter, the observation error
is described by a homogeneous differential equation. When
the parameter « is properly selected, its solution will asymp-
totically tend to zero for arbitrary initial conditions.
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