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A nonlinear model-predictive control strategy is developed to maintain the su-
perior-to-steady-state performance of a periodically forced chemical reactor. The
performance of the predictive controller is investigated in the presence of measure-
ment disturbances and parametric uncertainty. It is also shown that statistically
inferred input-output models can be a substitute whenever detailed fundamental
models are not available. A nonlinear autoregressive polynomial model based on
observed plant data is built and incorporated into the control scheme. The catalytic
oxidation of ethylene in a periodically-forced, continuous stirred-tank reactor is

considered as the test case.

Introduction

Numerous theoretical and experimental investigations have
shown that forced periodic operation of chemical reactors can
lead to increased conversion, enhanced yield, reduced para-
metric sensitivity, reduced hot-spot problems, and stabilized
reactor operation in the unstable steady-state region (Bailey,
1977; Cutlip, 1979; Barshad and Gulari, 1985, 1986; Cinar et
al., 1987a,b; Rigopoulos"et al., 1988; Sterman and Ydstie,
1990a,b; Silveston, 1991; Ozgulgen et al., 1992a,b). The control
of periodically forced reactors, however, is an important and
interesting issue which has not received the attention it de-
serves. The problem of maintaining improvements that result
from forced periodic operation, in the unavoidable presence
of model imperfections and disturbances, indeed makes the
issue an important one. It is equally important to show that
such reactors can be kept under control with the aid of proper
strategies, since safety concerns have played a major role in
limiting industrial applications of forced periodic operation.
On the other hand, the task of controlling a reactor which is
subject to intentionally large variations in one or more input
variables is rather interesting from a control point of view.

By using the method of vibrational control, Cinar et al.
(1987a) investigated the effects of multiple input cycling on
the dynamic behavior of a continuous stirred-tank reactor
(CSTR). The stabilization effect, due to the formation of a
stable limit cycle instead of the unstable steady state of the
system with fixed inputs, also enabled them to obtain sub-
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stantially higher levels of conversion. It should be noted that
forced periodic control is an open-loop strategy. This is a
valuable approach when measurements are costly and difficult
or involve long time delays. However, it can be ineffective in
the face of large disturbances or process/model uncertainty.
Later, Rigopoulos et al. (1988) used the same CSTR system
with forced periodic, proportional-integral (PI) feedback, and
nonlinear feedback (push-pull) control laws for stabilized op-
eration. In the case of PI control, the controller settings are
tuned such that high-frequency, small-amplitude sustained os-
cillations in reactor temperature are generated via feedback.
As for the nonlinear feedback law, they use a relay with hys-
teresis action to repeatedly push and pull the process state
around the unstable operating point. They conclude that the
amplitude of reactor temperature swings can be smaller under
forced periodic control with multiple oscillatory inputs than
under PI or push-pull control with feed flow rate manipulation.
One important advantage of PI and push-pull control is the
security of having a closed-loop feedback. Sterman and Ydstie
(1990a) used relay feedback controllers with integrai and hys-
teresis action to create small-amplitude, self-sustained oscil-
lations in a polymerization reactor. The desired frequency in
the feedback is achieved by reducing the crossover frequency
of the system through filters. They report a significant increase
in the performance and emphasize that relay controllers are
insensitive to model uncertainties and process disturbances.
Recently, Sinha et al. (1990) developed an adaptive control
scheme for controlling nonlinear systems that exhibit complex
periodic behavior. They use the difference between the actual
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radius and the radius of the limit cycle to be controlled for
regulatory feedback.

The approach that we take here differs from the previous
studies in several ways. First, we make no attempt to introduce
self-sustained oscillations via feedback. A real-time computer
can easily regulate variations in oscillatory inputs, especially
if square wave forms are chosen to be implemented. Secondly,
we do not focus our attention on the stabilization effect of
periodic control; rather we consider the problem of maintain-
ing improved reactor performance under periodic operation
by reducing the effects of disturbances and parametric uncer-
tainty. To accomplish this, we utilize a nonlinear model pre-
dictive control (NMPC) algorithm. Initially, we assume that
a detailed (but not necessarily perfect) reactor model based on
fundamental heat and mass balances is available. We then show
that statistically inferred input-output models can be a sub-
stitute whenever detailed models are missing. In particular, we
construct a nonlinear autoregressive model with exogenous
inputs (NARX) by using an orthogonal forward-regression
estimator and analyze the performance of the NARX-based
NMPC algorithm.

Process Description

The system under investigation is a nonadiabatic CSTR in
which ethylene oxide (C,H,0) is produced by catalytic oxi-
dation of ethylene with air. The production goal is to maximize
the C,H,O yield and to minimize the CO, yield. It is generally
accepted that the kinetics can be described by the following
triangular scheme:

C,H,2C,H,0

2 n

CO,+H,0

The rate expressions used in this study are by Alfani and
Carberry (1970) and characterize an unmodified, commercial
silver catalyst. The dimensionless reactor model consists of the
following conservation equations:

dt =q(1-yw.)

dy,
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where ¢ is the time, y, is the density of gas mixture, y, is the
ethylene concentration, y; is the ethylene oxide concentration,
and y, is the reactor temperature. u, the coolant temperature,
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has a nominal value of 1.0 (=523 K). g and c represent the
volumetric feed flow rate and ethylene feed concentration,
respectively. v,(i=1,2,3) denotes the activation energy.
A;(i=1,2,3) and B;(j=1,2,3,4) represent dimensionless coef-
ficients. The reader is referred to Ozgiilgen et al. (1992a) for
a detailed description of the dynamic model.

Forced periodic operation of Eq. 1 is realized through pe-
riodic variations in feed flow rate and ethylene feed concen-
tration. Hence, the vector of oscillatory inputs p=[c,q]".
Although there are infinitely many forcing functions to choose
from, nonsymmetric rectangular pulses are particularly at-
tractive for such waves and are easy to generate in an exper-
imental system.

Quin KTSI<(k+0)7

q(1) = {Gmax (k+B)7=sI= (x+a+B)7 2)
Gmin (k+ta+B)r<t=s(x+1)7
Cmin KT<I<(k+B.)T

c()={Cnax (k+BI)T=t=<(Kk+a+PB)T 3)

Coin (k+a+B)r<t=(x+lr

Here, k=0,1,2,..,a is the duty fraction, 7 is the dimensionless
period, and 3 and 8. are the fractions of period at which
switchings from minimum to maximum values occur. Note
that both waves have the same duty fraction and frequency.
Figure 1 illustrates the variation of input variables with time.

Given the values of time-average feed flow rate (g.,) and
ethylene feed concentration (c,,), and with fixed R,( = Guax/
Gmin) @A R, ( = Crax/Cmin)» Specifying three parameters: «, 6 and
7 is sufficient to describe the pulses. Here, the phase shift is
defined as:

0=8-8.. “@

In an earlier study, ézgﬁl§en et al. (1992a) computed the op-
timal values of these parameters to maximize the time-average
yield of ethylene oxide. They reported as high as 24% yield
improvement relative to steady-state operation. According to
their results, the optimal steady-state operation corresponds
to g=0.06 and c=1 vol. %, resulting in an ethylene oxide
yield of 11.495%. However, forced periodic operation of the
same system around the optimum steady state with:

¢w= 0.06
cw= 1.00

=10.00
R,=10.00

can provide a time-average yield of 12.64%, when the optimal
waves described by a=0.4057, o= -0.3561 and 7=30.6124
(=10 min/cycle) are implemented. This translates into an im-
provement of 10% over the optimal steady-state (unforced)
yield. All of these results are based on calculations done by
using the reactor model described by Eqgs. 1.

To introduce parametric uncertainty into the problem, the
dimensionless heat-transfer coefficient (B,) of the true plant
is assumed to have a value of 0.702, while the model B, is
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Figure 1. Variation of oscillatory inputs with time.

7.02. Because of this mismatch in B,, forced periodic operation
of the plant (perturbed model) with the optimal forcing pa-
rameters results in a 2% deterioration compared to its steady-
state yield (10.206%, lower dotted line in Figure 2C). The
performances of the model and the plant (perturbed model)
under two different modes of operation are listed in Table 1.
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In the control studies to follow, setpoint refers to the trajec-
tories of the nominal system and measurement to the perturbed
system output. Figure 2, which shows the open-loop behavior
of the plant, clearly shows the need for a controller. The
temperature of the perturbed (Figure 2A, solid line) has an
average that is about 18 K higher than the average of the
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Figure 2. Open-loop simulation of the system with added random disturbances.
—., observed trajectory; -, desired trajectory; e, observed value of time-average yield, o, desired value of time-average yield.
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Table 1. Time-Average Yield of Ethylene Oxide (¥ =1.0, No

Noise)
Steady-State Forced Periodic
Operation Operation Improvement
plant (B,=0.702) 10.206% 10.036% ~1.664%
model (B,=7.02) 11.495% 12.640% 9.968%

nominal system (Figure 2A, dashed line) and a lower ethylene
concentration (Figure 2B). The higher temperature, which re-
sults from the lower heat-transfer coefficient, increases the
rate of oxidation of ethylene oxide to CO, and H,0. If the
state trajectories of the perturbed system can be made to follow
the state trajectories of the nominal system through feedback
control, it will be possible to maintain the superior time-av-
eraged yield of ethylene oxide due to forced periodic operation.

Nonlinear Model-Predictive Control

In recent years, several nonlinear control system design
methodologies have been developed and successfully imple-
mented in chemical processes. These techniques were reviewed
extensively by Bequette (1991). One of these strategies, non-
linear model-predictive control, seems suitable particularly for
the task of controlling periodically-forced chemical reactors.
The NMPC scheme does not require a convolution model. It
can easily handle constraints imposed on the manipulated vari-
able. Due to the moving predictive horizon approach, the
NMPC scheme is also capable of handling future setpoint
changes. In the case of periodically-forced systems, the period
of oscillations is a good choice for the extent of prediction
horizon.

The NMPC problem can be formally stated as:

k+M n
min {Z Z y,(i, j)[ysp(i’ .1) _ypred(ix/‘)lz} (5)

u(k), ok +L-0{; 370 i=1
subject to:

i. Constraints in continuous time

d
4 y10, 4,9, W =0 ©
p()~p(t+7)=0 )
Y{to) =Yo ®)

ii. Constraints in discrete time
Yook, ) =ypk+M, j), j=1,....n V)]
i=k,..,k+L—-1) (10)

uminsu(i) Sumaxa

u(i+=u(i), i=(k+L-1),...,(k+M-2)

for M>L (11)

lu(i+ 1)~ u(i)) <Atpg, i=k,...,(k+L-2) (12)
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In the above, u is the manipulated variable (here, coolant
temperature), y,, is the setpoint matrix, ¥,.q is the predicted
output matrix, and d is the disturbance vector. Recall that p
is the vector of oscillatory inputs and 7 is the period of oscil-
lations. n, m, L, and k represent the dimension of state vector,
the prediction horizon, the control horizon, and the current
time step, respectively. Finally, u is the M X n dimensional
weighting matrix.

Equation § shows that the control objective is to select the
series of future control signals which minimize the sum of the
squares of the residuals over the prediction horizon of M time
steps. Here, all of the state variables are assumed to be meas-
urable. Equation 6 represents the modeling ODEs. Note that
u ¢ p. Initial conditions for the state variables at the beginning
of the prediction horizon are given in Eq. 8. The solution of
the model equations from the previous time step are used as
initial conditions at the current time step. Equation 9 indicates
that all setpoint values are 7-periodic and the span of prediction
horizon is equal to one cycling period. Equations 10 and 12
represent the absolute and velocity constraints on u, respec-
tively. Equation 11 shows that the control action is kept con-
stant at #(k+ L ~1) from the end of the control horizon to
the end of the prediction horizon. The disturbance vector is
updated by using:

A ke=Ypam D =N s j=1,..0m (13)

where y,.n |, is the plant output and yl, is the model output
at the current time step. By definition, d contains the meas-
ured/unmeasured disturbances as well as the modeling errors.
The vector d is used to incorporate feedback into the scheme:

Yo (K +1,)=y () i+ d (D) Yy, i=1,....M 14
During the prediction process, future disturbances
(dls1y...d! . 4 are assumed to remain constant at the current
level dl,. After solving Eq. 5 for u(k),..., u(k+L—1), only
the first control action is implemented. Then, the output meas-
urements are read at the (k+ 1)th time step and the prediction
procedure is repeated. In general, either the sequential or the
simultaneous approach is used for computing the future values
of the manipulated variable (Patwardhan et al., 1990; Biegler
and Rawlings, 1991; Sistu and Bequette, 1991). Due to the
presence of oscillatory inputs, we preferred to use the sequen-
tial approach which does not require the removal of derivative
terms in modeling equations by discretization. The dynamic
model equations (Eq. 6) are integrated by using ODESSA (Leis
and Kramer, 1988) and the nonlinear programming problem
is solved by using OPTIMIZATION TOOLBOX (Grace, 1990).

Figure 3 is a block diagram representation of the problem.
Note that w is an additive noise corrupting the control signal
and v is a vector of n measurement errors. Here, it is assumed
that w~N(0, 0, and v~ N0, ¢,). Figure 4 illustrates the
closed-loop performance of the reactor system. The tuning
parameters are set to M =20, L =3, and Au,,, =0.05 (=26 K).
The upper (4., and lower (u,,,,) bounds imposed on the con-
trol signal are 1.1 (=575 K) and 0.6 (=314 K), respectively.
Deviations from the setpoint are larger for y, and y,; hence,
the weights on these state variables are chosen to be bigger
than the ones on y, and y;. It takes approximately three cycling
periods for the time-average yield to reach its desired value as
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Figure 3. Block diagram of the problem.

the transient response due to model/plant mismatch dies out.
Figure 5 shows the dynamic response of the system to a com-
bination of mismatch, unmeasured disturbances and a step
increase in g,,. A step change of +5% is introduced at the
beginning of the fourth cycle period. Figures 4 and 5 indicate
that the NMPC scheme can maintain the reactor performance
at the optimal level despite all of these disturbances and un-
certainty.

Nonlinear Identification

Having shown that the NMPC algorithm can successfully
be implemented in periodically forced processes, we turn now
to look at the black box identification problem. Specifically,
we construct the NARX model of the forced CSTR which has
the following general structure:
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c(k—1),...,c(k—m)V+§(k), j=1,.,n (15)
where y;(k) denotes the estimate of y; at the kth time step.
F{.) is a nonlinear function which describes the jth subsystem
and contains the previous input and output values. £(.) is the
prediction error, and m,, m,, m,, and m, represent the max-
imum lags in 7, u, g, and c, respectively. Obviously, different
lag values may be used for each input/output in each subsys-
tem. We disregard this situation in our equations for simplicity
in notation. Generally, f is approximated by polynomial
models:

Sitk) =0+ ¢ 0(k,1) + ...+ 0(k,m)
+ @m0k, Dok, 1) + ...

+ 6 sty 0UEMe(k,m) +hoot.  (16)
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Figure 4. Closed-loop simulation of the system with added random disturbances and model/plant mismatch.
—, measurement; ----, setpoint; e, observed value of time-average yield; o, desired value of time-average yield.
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Figure 5. Closed-loop simulation of the system with added random disturbances, model/plant mismatch and a step

increase in g,,.

—, measurement; ----, setpoint, ®, observed value of time-average yield; o, desired value of time-average yield.

‘p(ksl)=ZI(k_ D, ., w(k9my) =z1(k_my)9

olk,(n—D)xm, +1]=z,(k=1), ..., o(k,m,)=2,(k—m,),
olk,m,+ D) =u(k-1), ...,
olk,mu,+m)=u(k—m,),
elk,my,+m,+)=q(k—1), ...,
plk,myy+m,+mg) =q(k—my),

elk,my,+m,+my+=c(k-1), ...,ptk,m)=c(k-m,).

Assuming that N+m,, N+m,, N+m, and N+m, data
points collected from the plant with identical sampling rates
are available, one can determine the unknown coefficients of
such a polynomial model. Before we proceed any further, an
important remark is in order. Note that y is replaced with z
in the above equation. z;(k — 1) denotes the observed value for
the jth output at the (k — 1)th time step during data collection
from the open-loop system. Since the open-loop system is
stable, input-output data can be collected from the reactor off-
line. Because of the constant term 8, the first column of the
regression matrix is set to 1. The rest of the columns include
all possible combinations of ¢ up to degree £. Thus,

¢=[1 ¢2 e q’K+l] (17)
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where X is the total number of unordered arrangements with
repetition:

m m+1 m+(—1
K—C(1>+C( 5 >+...+C< ¢ )

1st-order terms  2nd-order terms  fth-order terms

The number of rows of ® is equal to the data length (N).
Having assembled the regression matrix, the identification
problem for each subsystem can now be written in matrix
notation as:

7;=$0;+ (18)
where E; is the N'x 1 vector of modeling errors and ,=[¢/, ¢/,
... #4]7 is the vector of unknown coefficients of the jth sub-
system. Note that the problem is linear in the parameters. The
size of ® can be extremely large, especially if the process has
several inputs and outputs to consider and little is known about
the structure of the system. For the problem under consider-
ation, with m,=m,=m,=m_.=9 and {=3, ® consists of 45,760
column vectors. The size of the regression matrix is only one
of the reasons for not solving:

@T‘bej = @sz 19
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for ©; directly by using Gaussian elimination or Cholesky de-
composition. It is also very likely that the regression matrix is
ill-conditioned (Chen et al., 1989). Hence, these methods could
yield erroneous and/or extremely complex 1/0 descriptions.
A simple and efficient method for computing ©, is the classical
Gram-Schmidt (CGS) algorithm. This method attacks ¢ one
column at a time; therefore, the entire regression matrix does
not need to be stored in computer memory. The CGS algorithm
has been discussed extensively by Billings and coworkers (Ko-
renberg et al., 1988; Billings et al., 1989; Chen et al., 1989).

Consider the following factorization of the regression ma-
trix:

&=WA (20)

where 4 is an upper triangular matrix with a;=1.0 for
i=1,...,(K+1), and W=[w, ... wg,,] is the Nx (K+1) or-
thogonal matrix of auxiliary regressors. W satisfies W"W =D,
where D is a diagonal matrix. To select the first term in the
polynomial model for subsystem j, we compute:

w,“’=‘b,
) (w,", ;) ;
8=y i=1,..,(K+1) 2y
1 W

(&) (w, " w, )
{Zj, 2))

e'(l) -

where (.,.) denotes the inner (dot) product, g is known as the
auxiliary parameter, and e s the error reduction ratio. Suppose
e,” has the largest error reduction ratio among (e, ‘",
1=i=< (K+1)}, then we set:

The second term of the polynomial model is selected by using
the same procedure. But this time, since ®, has already been
chosen, it is no more considered as a candidate:

) i=1,..,(K+1), izl (22)
O w2
(Wzm» Wz(i)>
O (82“))2<W2(i)a”’2“)>
$2;,2))

4]

2

At this stage, the monomial with the largest e, is selected as
the second term of the jth subsystem. The procedure is repeated
until the Akaike information criterion (AIC) is minimized upon
selection of the n th term:

min(AIC) =N In(c%;) + 4ny;. 23)
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In the above, ¢%; denotes the variance of the residuals of sub-
system j after the inclusion of the n th term into the polynomial
model. Bayesian information criterion and F-tests are some of
the other statistical criteria that can be used to terminate the
selection procedure. Coefficients of the chosen monomials
(6)) are computed by solving:

1d, d;s ... (?,,,:j

01 Gy ... 8y, 0 &

00 1 .a||:|=|:} 24)
: N IEA S

00 0 1

Using the CGS algorithm, the following NARX model based

on observed plant data is constructed:

P1(k)=1.03067, (k—1)—0.09785; (k — 9) s (k— 2)9,(k— 1)
+0.1363c(k—4)q(k—3)5,(k—8)
—0.0007¢c(k~6)c(k-6)g(k~1)
+0.4177q (k- )P (k—T)P:(k—T)

—0.0454g (k= 1)P,(k—3)p,(k—8)
+0.9620g (k — 1)J,(k— 5)P.(k—3)
-0.9150g (k — 1)§(k— )P, (k—3)
—0.0541g(k—3)P: (k— TP, (k-3)
+0.0007c(k—1)f3(k— 8)9,(k—5)
—0.0126u(k - 2u(k—1)p (k—1)
+0.0025¢(k—-3)q(k—3)p.(k—4)
—0.0289u (k— 5)9, (k—3)P,(k—2)
—0.0034c(k—3)g(k—8)y;(k—6)
+0.0095u (k- Su(k—4u(k-2)
+0.0055g (k- 6)P,(k—6)F,(k—6)+ £, (k) (25)

Polk) =1.59369,(k—9)P:(k~9)f.(k—-1)
+250.1008g (k- 8)g(k—T)g{k-1)
+0.2492¢c(k—3)q (k- 8)p,(k—T)
+7.3842q (k—T)q(k—2)p,(k—3)
—9.5646q (k— 8)9; (k—5)P,(k—9)
+0.2676g(k—3)q(k—2)u(k—8)
+0.0532¢ (k- 2)9;(k— NP, (k- 5)
+1.8162g (k— 4)q (k- 3)J,(k—3)
+0.0806¢ (kK —4)y;(k— 9P, (k—T)
—0.6244c(k—6)qg(k—4)P:(k—9)
—0.0295¢(k —3)P;(k— 9P (k—1)
—-0.09719,(k - 8)y,(k— Dy (k- 1)
—0.3015u (k- 9)Ps(k— 1)p2(k—1)
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—3.02967,(k — 99, (k- 1)$,(k—7)
+0.2676¢ (k — 6)q (k — 5)F; (k —4)
+0.1991u (k — TP, (k— 9)f, (k— 1)
+2.93479,(k — 1), (k— 8)

+0.3044%, (k — 99, (k — )%, (k — 3)
—0.2325u (k— 1), (k= 2P, (k- 1)

+2.11459,(k— D (k= 1)
+0.0484c (k — 6)q (k —3)9,(k —8)
—0.00003c(k — 5)c(k~2)p,(k—4)
—0.09698,(k — 9)F, (k- 1)J;(k— 1)
~0.0203¢c(k—9)gq(k-9g(k—2)

+0.0656u (k— Du(k—4)9;(k— 1)+ £5(k) (27

+0.0205¢c(k—5)g(k~ 1P (k—6)+ £,(k)  (26)

P3(k) =~ 1.23889; (k— D (k- DJi (k1)

+0.8733¢(k—5)q(k— P (k- 1)
—1.5827g(k—4)P;(k—6)P3(k— 1)
+0.1851c(k— 1)g(k—4)g(k—1)
+0.0125¢(k — )P, (k — 5)P5(k - 6)
—0.6332c(k—6)q(k—Hg(k-1)
+0.0876g (k— 3), (k— 5)P,(k—2)
~0.1800c(k — 9)q (k — 5)9; (k—4)
—0.3568q (k— 4)p; (k= 3)P, (k= 7)
+0.3161g(k—8)q(k—Tq(k—-2)
—0.03549,(k— 9)9, (k- 8)p,(k—T)

Ja(k)=1.65169,(k— Dpi(k—1)
—0.0136¢c(k—6)g(k~ 1)p,(k~9)
+0.0231c(k—2)q(k-2)¥,(k—2)
~0.0398¢(k -y (k— NP (k—9)
~0.4141u(k - D, (k- DFi(k-1)
+0.1317¢ (k- 9)g (k— 8)7;(k—8)
—0.205Tu(k— )P, (k— P (k- 1)+ £,(k).  (28)
The response of this model to variations in ¢ and ¢ (periodic),
and u (gaussian sequence) is plotted in Figure 6. It is clear that
the polynomial NARX model closely approximates the dy-
namics of the true plant. The predictive controller performs

satisfactorily with the NARX model incorporated into the con-
trol scheme. Since polynomial models can exhibit explosive
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Figure 6. Response of the NARX model to variations in u, g, and c.
u is a sequence of normal distribution, and ¢ and c are periodic. —, estimated output; ----, true output.
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Closed-loop performance of the NARX-based controller with added random disturbances.

—, measurement; ----, setpoint; e, observed value of time-average yield; o, desired value of time-average yield.

behavior, a shorter prediction horizon (M =3) is used in this
case. The dynamic simulation of the NARX-based controller
with w and v acting on the system is displayed in Figure 7.

Conclusion

In this work we have demonstrated the effectiveness of the
NMPC strategy for controlling periodically-forced processes.
Our results for the CSTR with the ethylene oxidation reactions
show that the improvement in reactor performance which re-
sults from forced periodic operation can be maintained despite
the presence of parametric uncertainty and unmeasured dis-
turbances. The effect of deadtime on controller performance
is not considered in this article. However, we wish to stress
the fact that nonminimum phase systems can easily be handled
in the framework of NMPC. Since operation at an unstable
limit cycle can sometimes be beneficial, the problem of con-
trolling open-loop unstable forced systems should also be in-
vestigated. There is enough evidence in the literature (although
none involve periodically-forced systems) to believe that the
NMPC algorithm in conjunction with a state and parameter
estimator can perform satisfactorily in the case of open-loop
unstable forced systems subject to uncertainties and disturb-
ances (Sistu and Bequette, 1991).

It has been shown in this study that the off-line identification
methods applied to periodically-forced systems can produce
reliable nonlinear input-output models. The NARX model built
for the test case captures the essential dynamics of the process

AICBE Journal
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and generates a response that is very close to that of the original
system. When this polynomial model is incorporated into the
control scheme, no significant degradation of performance is
noted.
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Notation
A
AI) AZ’ A3
B,, B,, B,, B,

upper triangular matrix defined in Eq. 20
dimensionless terms in mass balance equations
dimensionless terms in heat balance equation
dimensionless ethylene feed concentration
vector of disturbances

error reduction ratio

auxiliary parameter

current time step

total number of monomials

control horizon

maximum lags in ¢, g, 4, and §

prediction horizon

number of outputs

data length in off-line identification

vector of oscillatory inputs

dimensionless volumetric feed flow rate
maximum to minimum ethylene feed concentration
ratio

me,my, my,

FonwzaRIbxarnnan
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R, = maximum to minimum feed flow rate ratio
t = dimensionless time
u = coolant temperature, manipulated variable
v = vector of measurement errors
w = noise corrupting the control signal
W = matrix of auxiliary regressors
Ypam = measured output value
Ymea = predicted output defined by Eq. 14
Y = setpoint value
y = output vector (detailed model)
¥ = output vector (NARX model)

Greek letters

0;;2, 0, o, variances

o = duty fraction of pulse
B, B, = fractions of time at which switchings occur
Y1s Y2, ¥3 = dimensionless activation energies
0 = vector of unknown coefficients
¢ = weighting matrix
Z = vector of modeling errors
o = phase shift
2 _
7 = dimensionless cycle period
& = regression matrix
Subscripts
av = time-average value
max = maximum value
min = minimum value
Superscripts
T = transpose
® = estimated value
Abbreviations
AIC = Akaike information criterion
CGS = classical Gram-Schmidt
CSTR = continuous stirred tank reactor
h.o.t. = higher-order terms
NARX = nonlinear autoregressive model with exogeneous
inputs
NMPC = nonlinear model-predictive control
ODE = ordinary differential equation
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