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A nonlinear model-based scheme is developed for product property control in
industrial gas-phase polyethylene reactors. The controller regulates instantaneous
melt index and density, and provides servocontrol during grade changeovers. Hy-
drogen and butene feed rates are manipulated to force the product properties onto
desired trajectories. During grade changeovers, these trajectories are determined
from off-line dynamic optimization studies. Optimal open-loop policies for reactor
temperature, bleed stream flow, catalyst feed rate, and bed level are implemented
as part of the changeover strategy.

The nonlinear feedback controller design is based on global input/output line-
arization methods. Disturbances are estimated, and plant/model mismatch is re-
moved using an extended Kalman filter. Simulations on a complex mechanistic model
of the process reveal that the nonlinear controller performs well for both regulatory
and servocontrol. An analogous linear IMC controller is inadequate for disturbance
rejection at different operating conditions and for control during grade changeovers.
The simplicity of the nonlinear control algorithm makes it an interesting candidate
Sor industrial application. This single controller can be used to control the properties
of many grades of polyethylene made in the reactor and to accomplish near optimal

changeovers between these grades.

Introduction

On-line control of polymer properties is difficult, because
polymer reactors exhibit nonlinear dynamics, and the rela-
tionships between reactor operating conditions and product
properties are complex (MacGregor et al., 1984). While tra-
ditional linear process models and controller design techniques
have been successful for quality regulation about a single op-
erating point, good servocontrol during grade transitions and
regulation at different operating points often require mechan-
istic model-based control schemes to account for process non-
linearities. In this article, a nonlinear multivariable controller
is developed for product property control in the industrial gas-
phase polyethylene reactor shown in Figure 1. The performance
of the proposed controller is compared with that of an anal-
ogous linear IMC design. Both product property regulation
and grade transition control are addressed.

Correspondence concerning this article should be addressed to K. B. McAuley at the
Department of Chemical Engineering, Queen’s University, Kingston, Ontario, Canada K7L
3N6.
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The feed streams to the polyethylene reactor comprise cat-
alyst, inerts, ethylene, a butene comonomer, and hydrogen
(Burdett, 1988; Choi and Ray, 1985). The feed gases act as
fluidization and heat-transfer media, and supply reactants to
the growing polymer particies. To maintain temperature con-
trol, the unreacted gases are cooled in an external exchanger
before being recycled to the reactor. To prevent the accu-
mulation of impurities and inerts, a small bleed stream is re-
moved from the system. Periodically, polymer product is
withdrawn from the reactor to keep the level of the fluidized
bed near its setpoint. The main disturbances to product prop-
erty control are reactive impurities in the feed stream and
variations in catalyst properties.

For commercial linear polyethylenes, product properties are
usually specified by melt index (MI) and density (p) (ASTM,
1990), which are related to the molecular weight and short-
chain branching distributions of the polymer. The flexibility
of gas-phase technologies, such as Union Carbide’s UNIPOL
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Figure 1. Industrial gas-phase polyethylene reactor.

process, allows production of a wide range of Ml and p in a
single reactor (Tait, 1989). Nevertheless, poorly executed tran-
sitions between successive polyethylene grades can result in
large quantities of off-specification polymer being produced.
Thus, optimization and control of grade transitions are of
considerable economic importance.

One can assume that the MI and p of the polymer being
produced in the reactor respond instantaneously to changes in
gas composition and reactor temperature (McAuley and
MacGregor, 1991). Hence, the dynamics associated with grade
changeovers depend on the speed of changes in gas composition
and temperature, and on the residence time of the polymer
particles in the fluidized bed. When designing any product
property controller, it is important to distinguish between the
instantaneous polymer properties, MI; and p;, of the new pol-
ymer being formed, and the cumulative properties, MI. and
p. which are ‘‘averaged’’ properties for all of the polymer
contained in the reactor.

Optimal-Grade Transition Trajectories

Before designing a control scheme for use during grade
changeovers, it is important to know the best control per-
formance achievable during product property transitions. For
this reason, the authors performed a study of open-loop op-
timal changeover policies using dynamic model-based opti-
mization techniques (McAuley and MacGregor, 1992). The
manipulated variables considered in the study were the butene
and hydrogen feed rates, the reactor temperature setpoint, the
bleed stream flow, the catalyst feed rate, and the bed level
setpoint. Although grade changeovers can be accomplished
solely through manipulation of the hydrogen and butene feed
rates, this type of policy can lead to long transition times and
to the production of large quantities of off-specification pol-
yethylene. Manipulation of the reactor temperature and the
bleed stream flow rate can hasten grade transitions by increas-
ing the rates of change of MI; and p,. Likewise, changes to the
catalyst feed rate and the bed level can be used to influence
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both the polymer production rate and the solid-phase residence
time.

Although transition policies suitable for on-line use have
been determined, these open-loop optimal policies cannot be
implemented directly. Implementation of nominal optimal ma-
nipulated variable policies, without accounting for disturb-
ances or model mismatch, can lead to product property
trajectories that differ significantly from the optimal property
trajectories computed off-line. Feedback control during grade
changeovers is required to ensure that large quantities of off-
specification material are not produced.

On-Line Product Property Control

One method of performing feedback control during grade
changeovers is to solve the full nonlinear dynamic optimization
problem on-line at each control interval, using process meas-
urements to provide information about disturbances and model
mismatch. This methodology is conceptually simple and leads
to the optimal transition policy, if the model is good and the
disturbances are well-known (Bequette, 1991). It, however,
requires excessive numerical computation and can be difficult
to implement and maintain on-line. A simpler, albeit sub-
optimal, procedure is to use the open-loop optimal product
property response as a reference trajectory to be followed by
a nonlinear feedback controller. Using a nonlinear model-
inverse-based design, an analytical expression can be developed
for the manipulated variables. In this type of design, the com-
putational load required by the controller is modest.

The following nonlinear feedforward/feedback control
scheme has been designed and simulated. During grade tran-
sitions, the optimal open-loop policies for reactor temperature
setpoint, bleed stream flow, catalyst feed rate, and bed level
are implemented directly. To account for disturbances and
model mismatch, the hydrogen and butene feed rates are used
for feedback control. The objective of the feedback controller
is to force MI; and p; onto their nominal trajectories determined
in the off-line studies. For regulation about a steady state, the
setpoint trajectory is constant and only the feedback portion
of the controller is used. Choosing MI; and p; as controlled
variables, rather than MI, and p,, is based on the philosophy
that all new polymer produced in the remaining time should
have properties as close as possible to target, regardless of the
cumulative properties of the polymer already in the reactor.

Information flow in the control system

No on-line measurements are available for MI and p. Es-
timates of MI, and p;, which are required for feedback control,
are inferred from the available on-line gas composition and
temperature measurements, and from theoretically-based
models (McAuley and MacGregor, 1991). Parameters in these
models are updated every few hours using delayed off-line
laboratory measurements of MI. and p.. The information flow
in the control system is shown in Figure 2. Between laboratory
measurements, the property inference scheme predicts MI; and
p; using parameter estimates from the previous update step.
The product property controller uses these property estimates,
the setpoint trajectories, the model parameters, and the avail-
able on-line measurements to calculate control actions. The
remainder of this article is concerned with the design and
simulation of this model-based control algorithm.
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Figure 2. Product property controller information flow
diagram.

Design of a Nonlinear Feedforward/Feedback Con-
troller

Models for nonlinear controller design

The model used in the nonlinear controller design must be
capable of predicting the effects of hydrogen and butene feed
rates on instantaneous product properties. It should also ac-
count for changes in reactor temperature, bleed flow rate,
catalyst feed rate, and bed level, because these variables change
quickly during grade transitions. Additional disturbances,
which should be addressed in the modeling procedure, include
changes in reactive impurity levels and in catalyst properties.
The proposed model consists of dynamic mass balances on
hydrogen, butene, catalyst sites, and polymer, respectively:

%L%{Fm—kﬂnHz]—[ﬁ]” —g:[Hz]} M
% —Fod - —’;-)wﬁ — kY €
dz Y= Y{ky[Mi)m,, +klMom,,} - O, @

[H,], [M,] and [M,) are the concentrations of hydrogen, eth-
ylene and butene, respectively, in the gas phase. [C;] is the
total concentration of all gas-phase components. V, is the
volume of gas in the reactor system, and V, is the equivalent
volume of butene dissolved in the polymer. Fy,, Fy, and F,
are the respective fresh feed rates of hydrogen, butene and
catalyst to the system. Y is the number of moles of active
catalyst sites in the reactor, and a,, is the active site concen-
tration in the catalyst feed. B, is the mass of polymer in the
fluidized bed. kg, k, and k,, are kinetic rate constants for the
consumption of hydrogen, ethylene and butene by the poly-
merization reactions. k, is a catalyst site deactivation rate con-
stant. b is the bleed stream flow rate, and O, is the polymer
outflow rate. g,is a mismatch factor accounting for uncertainty
in the hydrogen mass balance, and S is the solubility of butene
in the polymer. m,, and m,, are the molecular weights of
ethylene and butene, respectively.

Equations 1 to 4 can be integrated to predict the hydrogen
and butene concentrations in the reactor, given the feed rates
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of hydrogen, butene and ethylene concentration, and the pol-
ymer outflow rate. In turn, MI; and p; can be calculated from
the instantaneous property models developed by McAuley and
MacGregor (1991). These models are of the form:

Y,=In(MI) = hy((H,], (M)}, M), T) )
Y,=pi=h([H], M1}, M), T) ©

where T is the reactor temperature. The model structure in
Eqs. 1 to 6 was chosen for use in the control design, because
it is simple, yet it describes how the manipulated variables and
reactor operating conditions influence the instantaneous prod-
uct properties. To ensure that the model tracks the true be-
havior of the process, several model parameters must be
updated on-line.

In this study, an extended Kalman filter (EKF) is used to
update g, k,,, k; and O, in Egs. 1 to 4. This set of parameters
was chosen, because the parameters affect the model states
and, from our knowledge of the process, the value of each of
these parameters can change due to reactor operating condi-
tions. The four parameters can be estimated using on-line
measurements of the gas-phase hydrogen and butene concen-
trations, the mass of polymer in the bed, and the instantaneous
polymer production rate. Observability and consistency tests
(Gagnon and MacGregor, 1991; Kozub and MacGregor, 1992b)
reveal that all model and parameter states are observable from
this set of measurements and that no sustained mismatch be-
tween measurements and model predictions occurs. Krishnan
et al. (1992) present a more forma! approach for choosing key
model parameters for on-line updating and the best set of
associated measurements. Using noisy measurements, the EKF
is able to adjust the model parameters in response to temper-
ature changes, production rate changes, and catalyst quality
disturbances. Updates for parameters in Eqs. 5 and 6 are pro-
vided by the product property inference scheme.

The gas composition measurements from an on-line gas
chromatograph are subject to measurement delay, A, of one
GC sampling interval. As part of the EKF calculations, a one
sampling interval forecast of the hydrogen and butene con-
centrations in the reactor is calculated. If these forecasts of
the gas concentrations are used in Eqgs. 5 and 6 instead of the
measured values, then dead-time need not appear explicitly in
the design of the control algorithm.

Nonlinear controller design

An important concept in nonlinear controller design is the
relative order of the process model. Relative order can be
explained intuitively as the inherent integration between the
process input and output. If the hydrogen and butene feed
rates are used to control MI; and p;, then the relative order of
the system is one, because the hydrogen and butene feed rates
are each integrated once to obtain either MI, or p;,. Many
nonlinear control algorithms are suitable for relative-order-
one systems. Use of the reactor temperature setpoint as a
manipulated variable for melt index control leads to a system
with a relative order greater than one, and to a more complex
nonlinear control algorithm.

A second important concept for designing and analyzing
nonlinear control laws is that of the tracking error trajectory
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(McLellan et al., 1990). The closed-loop error trajectory for
any process can be defined as:

e(t) =Y, () -Y(1) O]

where Y and Y, are vectors of output variable trajectories and
setpoint trajectories, respectively. Many control laws can be
derived by specifying the type of closed-loop error trajectory
that the system will follow in response to a deviation from
setpoint. The simplest error trajectory specification used in the
design of nonlinear model-based controllers (Freund, 1982;
Kozub and MacGregor, 1992a) is the following decoupled first-
order specification:

e(=Ke(r) ®

where K is diagonal. Controller tuning is accomplished by
changing the elements of K which are the negative reciprocals
of the desired first-order closed-loop time constants of the
response. A second commonly used error trajectory specifi-
cation is a decoupled second-order response which is used in
the generic model control (GMC) designs of Lee and Sullivan
(1988). Controllers designed with either first- or second-order
linear error trajectory descriptions are a special case of the
global linearizing control (GLC) algorithm of Kravaris and
Chung (1987). Whereas the first-order trajectory in Eq. 8 leads
to an exponential decay of the error and cannot be used to
accommodate overshoot in the closed-loop response, a second-
order specification is capable of producing either an over-
damped or underdamped second-order error response, de-
pending on the choice of tuning constants. An additional benefit
of the second-order specification is that controllers designed
using this criterion automatically contain integral action
(McLellan et al., 1990). Integral action is required to eliminate
steady-state offset between the setpoint trajectory and con-
trolled variables, arising due to sustained mismatch between
model predictions and measured outputs. However, explicit
incorporation of integral action in the current product property
control algorithm is unnecessary, because the EKF and product
property inference scheme contain the integral action necessary
to eliminate steady-state offset between model predictions and
product properties. This integral action in the state and prop-
erty estimators resuits from the use of nonstationary models
for stochastic and parameter states in these estimators, and
does not rely on the process and property models being perfect.
In the simulation results reported in this article, there is struc-
tural mismatch between the full plant model (McAuley, 1992)
used to test the controller and the reduced model in Egs. 1 to
4. Gagnon and MacGregor (1991) and Kozub and MacGregor
(1992b) discuss the use of nonstationary parameter states in
state estimation problems.

The simpler first-order specification has been chosen for the
controller design, because integral action is not required in the
controller itself, and an exponential decay in the error response
is desirable in this application. The first-order error trajectory
specification in Eq. 8 can be expressed as:

Yl = Ylsp“ & ( Ylsp_ Y)) )

Yy= Yo — k3 Yarp— 12) (10)
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where «,; and «, are the diagonal elements of K. During a grade
changeover, the values of Y, Y, and their time derivatives
are obtained from the open-loop optimal product property
trajectories. During regulation at a target grade, Y, and Y,
are constants, and Y, and Y, are both zero. Assuming a
constant ethylene concentration in the reactor and differen-
tiating Eqgs. 5 and 6 with respect to time give:

oh, diH,] adh, dIM|] ok,

d[M,)  oh, -

Vi=om,] ar Topay dr Topny di ol U
. ok, d[H)  dh, dIM\)_ ok, dIM;] ok
Y=3m. a Topay ar oy ar tort (P

Since the ethylene concentration in the reactor is regulated by
an ethylene partial pressure controller, d{M,]/dt in Egs. 11
and 12 is small and can be neglected. The partial derivatives
of A, and h, with respect to hydrogen concentration, butene
concentration, and temperature can be obtained analytically
from Eqs. 5 and 6 (McAuley, 1992). Eliminating Y, and Y,
from Egs. 9 to 12 and solving for d{H,]/dt and d[M,}/dt yield
the following expressions:

oh, B oh,
diH,] M) 8IMy) B
dt =~ dh, 8k, 3h,_ M =P 13
3[M,} 8[H,) 9[M;) A[H,)
ah,
M———P
diM;) " 8, 0 14
dt dh,
a[M,]
where
. oh, -
M=Y,—«.(Y‘SP—Y,)—5717 (15)
. aoh, -
N= Yz—mYB,,—Yz)—gj—%T (16)

Eliminating d[H,)/dt and d[M.}/dt from Egs. 1, 2, 13 and 14
gives the following expressions for the manipulated variables
F,, and F,,, in terms of known quantities:

Fu= (P+L)V, an
Fip=(Q+ W) (V,+ Vi) (18)

H,)b

e ¥YTH;) 4+ Cﬂ +gIH,]

L= v, 19

M,1b

K, YIM) +L czj +S[M,)0,

W= V,+V, 20
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Equations 17 and 18 are algebraic expressions for the hydrogen
and butene feed flow rates required to achieve the performance
specification in Egs. 9 and 10. Thus, the nonlinear control law
itself is very simple and can be implemented in a few lines of
computer code. The majority of the effort required to imple-
ment and maintain this type of controller will be associated
with integrating the model in Eqgs. 1 to 4, and with coding and
testing the EKF. Similar model integration and updating steps
would be required if a nonlinear programming approach were
adopted to solve this problem. Since estimates of the current
gas compositions are available from the EKF every 2#=0.1417
time periods, a discrete version of the nonlinear controller with
sampling interval 4 has been implemented and tested on the
full nonlinear plant model.

Linear Analog to the Nonlinear Feedforward/Feed-
back Controller

To illustate the effectiveness of the combined EKF and non-
linear control law, its performance must be compared with
that of a known standard controller. Fortunately, it can be
shown that a linear decoupled internal model control (IMC)
design provides a linear analog to the nonlinear control design
described above. The derivation of this linear IMC controller
is presented in the Appendix, and the structure is shown in
Figure 3, wherein G* and D” represent the true process. This
is a standard IMC feedback control structure, with added
feedforward action. Y, (¢ +2h), the two-step-ahead prediction
of the product property setpoints, is required in the control
formulation. It is constant for regulation at a single grade,
and during grade changeovers, the future setpoints can be
obtained from optimal-grade transition trajectories determined
by McAuley and MacGregor (1992). Note that the setpoint
trajectory is not filtered, but first-order filtering is performed
along the disturbance and mismatch path. The identification
of linear transfer function models for this IMC controller is
discussed below.

Transfer model identification for the linear controller

A series of step tests was performed on the full nonlinear
plant model to determine the set of discrete transfer function
models shown in Table 1. The sampling interval for these
models is 2#=0.1417 time periods, which is equal to the GC

D* I

Ysp(t+2h) - ~ 1 u
Gp G*
+ +
Gp
F

Figure 3. Linear IMC analog of the nonlinear feedfor-
ward/feedback controller.

sampling interval. The linear feedforward/feedback controller
was tested on optimal changeover policies that use only the
bleed flow and reactor temperature as feedforward variables.
As a result, transfer function models for catalyst feed and bed
level changes were not obtained. The transfer functions in
Table 1 were identified from the response of the full theoret-
ically-based model to a series of small upward and downward
steps about the operating conditions for Grade A. Note that
all scaling used in this article is consistent with previous articles
(McAuley et al., 1990; McAuley and MacGregor, 1991, 1992;
McAuley, 1992).

Nominal performance of the linear IMC controller

An IMC controller was designed using the models in Table
1 and the structure in Figure 3. Both m, and m, were set at
0.8679 to correspond to desired first-order closed-loop time
constants of one time period. To test the performance of this
controller in the absence of the plant/model mismatch, linear
transfer function models from Table 1 were used in G*. The

Table 1. Transfer Function Models Used in IMC Design
Scaled Output Deviation Variable
Scaled
Y, Y;
Input Dev. ! 2
Variable In(MI) pi
u, 0.1605z2 0.1644z2
Hydrogen Feed 1-0.9856z"" 1-0.98357""
w, 0.1576z72 ~1.5776272
Butene Feed 1-0.8891z" 1-0.9023z"!
Te’:‘llp 0.7596z%—0.8298z% - 0.05152z* +0.1306z ~° —0.004473z"2+0.03579z°
Setpoint 1-0.97482"" 1-0.7091z""
v —0.022697* 0.001054z % - 0.001065z>
Bleed Valve —_— — =
Position 1-0.9771z 1-1.72827'+0.73242
AIChE Journal May 1993 Vol. 39, No. 5 859



nominal response of this linear control system was tested, with
and without measurement noise, for setpoint changes, dis-
turbance rejection, and changes in the feedforward variables,
assuming that MI; and p, measurements were available every
h=0.1417 time periods (McAuley, 1992). As specified in the
design, for noise-free measurements, the closed-loop output
response of the system is perfectly decoupled, setpoint trajec-
tories are followed exactly, and the controller is able to com-
pensate perfectly for changes in the reactor temperature setpoint
and the bleed flow rate.

Performance of the Nonlinear and Linear Control
Schemes of the Full Nonlinear Plant Model

In this section, the performance of the control system is
evaluated for both disturbance rejection and setpoint tracking,
assuming that the values of MI; and p; are available every
h=0.1417 time periods, where 4 is the GC sampling interval.
In practice, these values are not measured on-line, but can be
estimated from the GC measurements using instantaneous
property models (Eqgs. 5 and 6) and the inferential methods of
McAuley and MacGregor (1991). The results of this combined
inference and nonlinear control scheme are discussed in a sep-
arate section. The tuning parameters for the nonlinear con-
troller, «; and «,, have both been set at —1, resulting in a
closed-loop time constant of one time period. This is the same
performance specification used in the linear controller design.
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Figure 4. Responses of linear and nonlinear controllers
to catalyst disturbances.
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Disturbance rejection

Catalyst variability is an important source of disturbances
in the control of gas-phase polyethylene reactors. Figure 4
shows the response of MI; and p, to a 30% reduction in the
active site concentration on the catalyst. This change occurs
at time 5 and continues until time 35 when feeding of the
original catalyst resumes. Without product property control,
this disturbance causes a significant change in both MI,; and
p;. Fewer active catalyst sites in the reactor cause the production
rate and hence the butene consumption rate to fall. As the
butene concentration increases, MI; increases and p; falls. As
shown in Figure 4, either the nonlinear controller and EKF or
the linear IMC controller can be used to alleviate the effects
of the catalyst disturbance. Both controllers act by reducing
the butene feed rate, thereby bringing the butene concentration
in the reactor back to the required level.

When the nonlinear controller is used, the EKF detects a
change in the polymer production rate induced by the catalyst
disturbance. The EKF compensates by changing k,, which
affects Y, the estimated number of catalyst sites in the reactor.
Because the EKF updates these parameters, there is no steady-
state offset between the product properties and their setpoints,
even though the controller itself does not contain integral ac-
tion, and the structure of the model used in the controller is
different from that used in the plant simulation. Using the
updated value of k,, the EKF is able to predict a reduction in
butene consumption, and the controller takes immediate action
to reduce the butene feed rate accordingly.

The linear controlier must wait until an actual increase in
the butene concentration is observed, and a change in both
MI; and p; is predicted, before appropriate feedback action
can be taken. The linear controller is not as effective as the
nonlinear controller in defending against catalyst disturbances,
mainly because the linear transfer function models do not
contain any information about how catalyst disturbances affect
M1, or p;. In Figure 4, the performance improvement associated
with using the nonlinear control system, not the linear con-
troller, is due mainly to the EKF, rather than any nonlinearities
in the system.

The disturbance rejection tests in Figure 4 were conducted
at the same conditions where the linear transfer function models
in the IMC controller were identified (at Grade A). The same
catalyst disturbance was simulated while producing Grade C
(MI,=2.4, p,= 13). While the nonlinear controller rejected the
catalyst disturbance equally well at both grades, the linear con-
troller’s performance degraded significantly. With the linear
controller, both MI; and p, required approximately twice as long
to return to their setpoints as was required in Figure 4. The MI
and p setpoints corresponding to Grades A, B and C in Table
2 are the same values as those in McAuley and MacGregor
(1992). Gain scheduling or use of a separate linear controller
for each grade could have been used to obtain satisfactory

Table 2. Melt Index and Density Setpoints for Three Poly-
ethylene Grades

Scaled Melt Index Scaled Density

Grade A 0.2 9
Grade B 0.16 13
Grade C 2.4 13
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Figure 5. Performance of nonlinear feedforward/feed-
back controller during grade changeovers.

disturbance rejection during the production of a number of
different polyethylene products. However, judging from the
results shown in the next section, it is unlikely that such an
approach would be successful when changing from one product
grade to the next. The main benefit of using a nonlinear con-
troller design is that a single controller can be used successfully
for all grades and for grade changeovers.

Control during grade changeovers

In Figure 5, the nonlinear controller is used to follow a series
of grade changeovers (A—B at t=12, B—C at t=32, C—~B
at t=62, and B—A at t=92). In the changeover policy used
for the A —B and B— A transitions, hydrogen and butene are
used as manipulated variables. As a result, only the feedback
portion of the nonlinear controller is used during these tran-
sitions. During the B—C and C— B transitions, the reactor
temperature setpoint and bleed valve position are included as
feedforward variables. In these two transitions, both the feed-
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Figure 6. Performance of linear IMC controller during
grade changeovers.

forward and feedback capabilities of the nonlinear controller
are tested. As shown in Figure S, the nonlinear controller
follows the desired instantaneous product property trajectories
very closely. Slight deviations between the desired and actual
trajectories are due to short-term mismatch induced by the
large temperature changes affecting the parameters updated
by the EKF. The nonlinear controller also performs well when
all four feedforward variables (temperature, bleed, bed level,
and catalyst feed) are used to accomplish grade changeovers
(McAuley, 1992).

The ability of the linear controller to accomplish the same
set of grade transitions is shown in Figure 6. It is readily
apparent that the linear controller’s performance is inadequate
for implementing optimal-grade changeover policies. Note that
the time scale in Figure 6 is different from that in Figure 5
and that successive grade transitions are performed further
apart in time. The expanded time scale is required, because
the linear controller takes a long time to bring the product
properties to their steady-state positions. The reason for the
poor controller performance during the A—B and B— A tran-
sitions is the poor predictive ability of the transfer function
models used to design the feedback portion of the IMC con-
troller. Since the responses of In(MI)) and p; to changes in the
hydrogen and butene feed rates are very nonlinear, the linear
models used in the controller design are not able to provide
adequate predictions of product property behavior. When the
reactor is operated away from Grade A, where the transfer
function models were identified, changes in both the time con-
stant and the gain of product property responses are large.
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Figure 7. Response of combined property inference
scheme and nonlinear controller to an im-
purity disturbance.

The resulting plant/model mismatch is interpreted by the con-
troller, as if it were caused by an output disturbance. During
the B—C and C— B transitions, the poor performance of the
linear controller is due to inadequate predictions by both the
feedforward and feedback transfer function models. Although
the linear controller is unable to follow the optimal trajectories,
it is able to bring the product properties to their desired steady-
state values, given a sufficient amount of time.

Combining the Product Property Inference Scheme
with the EKF and Nonlinear Controller

Since on-line measurements of the product properties are
not available, estimates of the current values of MI; and p; are
supplied by an on-line product property inference scheme
(McAuley and MacGregor, 1991). Information flow between
this inference scheme and the product property controller is
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Figure 8. Performance of combined property inference
scheme and nonlinear controller during grade
changeovers after the catalyst disturbance.

shown in Figure 2. In this diagram, both the nonlinear con-
troller and the EKF are contained in the box labeled product
property controller. Simultaneous operation of the nonlinear
controller, the EKF, and the product property controller was
demonstrated using simulated laboratory data, with the same
measurement noise levels experienced in the actual process.

As shown in Figure 7, the control scheme is able to reject
a disturbance resulting from reactive impurities in the feed
stream. Beginning at time period 35, as the impurity level in
the reactor increases, active catalyst sites are killed, resulting
in a drop in production rate. In addition, growing polymer
chains are terminated, resulting in a decrease in molecular
weight and a corresponding increase in melt index. The EKF
accounts for the observed change in production rate by in-
creasing k,, the catalyst deactivation rate parameter, shown in
Figure 7d. As a result, the controller reduces the butene feed
rate to prevent the density from deviating from setpoint.

Rising impurity levels cause the true value of k,, the impurity-
sensitive adjustable parameter in Eq. 5 to increase. Between
time periods 35 and 45, the on-line inference scheme consist-
ently underestimates MI, by a small amount. To remove this
offset, the parameter updating portion of the inference scheme
adjusts the estimate of k, toward its true value as shown in
Figure 7b. The nonlinear controller is able to control the es-
timated value of MJ, as its setpoint after only a few hours.
Nevertheless, the true value of MI,; remains above its target
until feedback from the laboratory measurements can be used
to update k, in the instantaneous melt index model. This up-
dating takes a considerable amount of time, because the dif-
ferences between the estimated and measured values of MI,
are very small. Larger deviations would result in faster up-
dating (McAuley and MacGregor, 1991).

With the same impurity level in the feed, a set of grade
changeovers was simulated, and the MI response is shown in
Figure 8. Although impurities were not considered in the off-
line optimization of the setpoint trajectory in Figure 8b, good
performance was achieved during the changeovers. In conclu-
sion, the combined nonlinear controller, EKF and on-line in-
ference scheme perform well for both rejection of impurity
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disturbances and for grade changeovers affected by a change
in impurity levels.

Manipulated Variable Saturation

During optimal grade changeovers, the hydrogen and butene
feed rates are held at their bounds for extended periods of
time. Therefore, the feedback controller used for grade change-
overs must be able to deal adequately with manipulated vari-
able saturation. The simulations in Figures 5 to 8 have not
used optimal saturation handling procedures; however, be-
cause implemented values, rather than calculated control ac-
tions, were used in all subsequent calculations, wind-up was
prevented. In this section, an optimal means of handling ma-
nipulated variable saturation for the nonlinear feedforward/
feedback controller is assessed, and a variable structure con-
troller design that provides an additional degree of freedom
when the hydrogen feed rate saturates is proposed.

The input saturation problem is easily handled for linear
multivariable controllers (Segal et al., 1991), and a similar
approach can be adopted for multivariable nonlinear con-
trollers. The problem of identifying saturated input variables
and setting them to their limiting values is analogous to the
linear control problem. In the nonlinear control problem, how-
ever, no general closed-form solution is available to determine
the optimal position of the remaining unbounded variables.
Spong et al. (1986) suggest determining the positions of the
unconstrained manipulated variables by solving a quadratic
program on-line. However, for the 2 X 2 system considered in
this article, when one manipulated variable saturates, only one
free variable must be determined, and an analytical solution
can be found. Without manipulated variable saturation, the
control performance specification is given by Egs. 9 and 10.
When one manipulated variable saturates, both of these equa-
tions cannot be solved simultaneously. The best that can be
achieved is to minimize the weighted sum of squares:

J=w{ Ylsp‘ YI*KI(Ylsp— Yl)}z
+ Y= Yamia(Ya— ¥2) )2 (21)

where w weights the relative importance of satisfying Eqgs. 9
and 10. If u, saturates, one must determine «, so that:

aJ
a—uz_o 22)

This condition is satisfied at only one value of u,, which can
be determined by substituting Eqs. 1, 2 and 9 to 12 into Eq.
21 and differentiating with respect to u,. A similar expression
can be derived for u; when u, saturates.

Using this approach, McAuley (1992) has tested the system
response to hydrogen feed saturation during a B— C transition
with the hydrogen feed rate limited at 90% of its normal
maximum value, for several values of w. As expected, large
values of w resulted in only small deviations in melt index
(Y;). Conversely, a very small value of w can be used to obtain
good density control (Y3), at the expense of large deviations
in MI. With a moderate value of w, the output response of
the system was nearly identical to that obtained without op-
timal saturation handling, using actually implemented past
flow rates in the algorithm.
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So far, the discussion of manipulated variable saturation
has assumed a square controller structure, with hydrogen and
butene feed rates as the manipulated variables. If the per-
formance of this controller proves unsatisfactory and the ma-
nipulated variables are often at their bounds, then an additional
manipulated variable could be incorporated into the feedback
control scheme. For example, if saturation of the hydrogen
feed is a common problem, perhaps the best choice for an
additional manipulated variable is the bleed stream flow rate.
Opening or closing the bleed valve when the hydrogen saturates
could be used to hasten the return of MI; and p; onto their
desired trajectories. Although a full nonlinear programming
approach could automatically handle this nonsquare control
problem, the approach described here requires less on-line
computation.

Since the relative order between b and both M1, and p; is
unity, the design of this 3 x 2 variable structure nonlinear con-
troller is straightforward. Equations 17 and 18 can be rear-
ranged to give two algebraic equations of the form:

Ji(Fuz, Fap, ) =0 (23)
fz(Fuz, Fyp, b)=0 (24)

which must be satisfied to ensure that MI; and p; follow the
desired trajectories specified in Eqs. 9 and 10. When neither
the hydrogen nor the butene feed rate is saturated, this con-
dition can be satisfied by implementing Fy, and Fy, from Egs.
17 and 18, with the bleed flow rate at its desired setting, by.
When the hydrogen feed is saturated, Egs. 23 and 24 can still
be satisfied by setting Fy;, at its limiting value and solving for
appropriate values of F,, and b. Once the value of Fy,, cal-
culated using by in Eq. 17, is no longer saturated, the bleed
flow rate can be returned to its desired value, and use of the
original control calculations in Eqs. 17 and 18 can be resumed.

Statistical Process Control

Once an advanced control system has been implemented to
control polymer properties, further quality improvements can
be realized by superimposing a statistical process monitoring
scheme on top of the feedforward/feedback control system.
The objectives of both the feedforward/feedback control
scheme and the statistical process monitoring/control (SPC)
scheme are the same: both improve control over product qual-
ity. They, however, achieve these objectives in fundamentally
different, but very complementary, ways. The feedforward/
feedback process control system reduces the effect of process
variability arising from disturbances by transferring the pre-
dictable component of the variability from the final product
properties into the manipulated variables (see, for example,
Downs and Doss, 1991). Statistical process control schemes
attempt to reduce variability in the process using tools such as
control charts (Shewart, 72, and so on) (John, 1991) to monitor
the important product properties and to detect special events
that differ from normal common causes of process variation.
The approach is to search for assignable causes for these special
events and then to remove as many of those causes as possible
from the process, thereby eliminating variability and improving
the process over the long term.

A criticism often leveled at the use of only feedforward/
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feedback process control in quality control situations is that
the control systems compensate for both common cause and
special cause variation alike, and often mask the presence of
disturbances arising from special events, such as the large
catalyst activity change occurring between periods 5 and 35 in
Figure 4. However, this need not be the case, if an SPC scheme
is superimposed on top of the control system. The variability
in the process has not been eliminated by the feedforward/
feedback control scheme, just transferred to the other vari-
ables. Therefore, by applying SPC methods to the manipulated
variables (hydrogen and butene feeds) in Figure 4, the occur-
rence of a special event is easily detected at periods 5 and 35.
Alternatively, in any model-based control scheme, such as the
IMC scheme in Figure 3, an estimate of the disturbance, d,
which would have occurred if no control action had been taken
is always available and can be plotted on control charts.

It can also be argued that model-based process control
schemes can greatly enhance the ability to perform SPC by
providing more information on the possible sources of the
disturbances. For example, in the nonlinear control scheme
developed in this article, an EKF and product property infer-
ence scheme are continually providing estimates of important
disturbance states such as the catalyst deactivation rate con-
stant (k,), the butene consumption rate parameter (k,), hy-
drogen mass balance errors (g;), and impurity levels (k,). By
plotting these disturbance state estimates on control charts,
one might much more easily detect special events and diagnose
the special causes behind them. In summary, it is important
that one obtain the best results from applying both feedfor-
ward/feedback process control and statistical process control
in any quality control application.

Conclusions

A nonlinear model-inverse-based feedback controller has
been designed for product property control in industrial gas-
phase polyethylene reactors. This feedback controller manip-
ulates hydrogen and butene feed rates to defend against dis-
turbances and to follow optimal trajectories for instantaneous
MI and p. Open-loop optimal policies for the reactor temper-
ature setpoint, bleed stream flow rate, catalyst feed rate, and
bed level are implemented as part of the grade changeover
strategy. An EKF is used to estimate unmeasured disturbances
and to remove any plant/model mismatch by updating model
states and parameters. Although this approach to product
property control can lead to suboptimal transitions when dis-
turbances occur, the computational simplicity makes it a much
better candidate for on-line implementation than an optimal
controller based on nonlinear programming techniques.

The performance of the nonlinear controller is far superior
to that of a linear controller with the same performance spec-
ification, indicating that proper accounting for nonlinearities
is essential to good product property control in gas-phase pol-
yethylene reactors. The simultaneous operation of the nonlin-
ear controller, EKF and product property updating scheme
was tested for both an impurity disturbance and grade change-
overs.

This nonlinear control system would appear to offer great
potential for implementation on industrial fluidized-bed pol-
yethylene processes, as well as on other continuous chain growth
polymerization processes that produce a variety of polymer
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grades. It provides a single powerful controller capable of
controlling polymer properties for the many product grades
produced at different reactor conditions, and it is capable of
accomplishing near-optimal changeovers between grades. This
model-based controller is also suitable for implementation as
part of an overall product quality control scheme involving
both feedforward/feedback control and statistical process con-
trol.
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Notation
a., = number of catalyst sites per unit mass of catalyst
b = bleed stream flow rate
B, = mass of polymer in the reactor
[C7} = combined concentration of gas phase components
d = disturbance faced by linear controller
D = linear feedforward transfer function model
D = linear feedforward transfer function model with dead
time removed
e(t) = error trajectory
Ji, f; = functions in Eqs. 33 and 34, which must be zero to
achieve specified control performance
F = IMC feedback filter
Fyy, Fup, F,, = feed rates of hydrogen, butene and catalyst
g; = hydrogen gas loss parameter
G, = linear process transfer function model
Q,, = linear process transfer function model with dead time
removed
h = gas sampling and controller discretization interval
(0.1417 time periods in the applications)
hy, hy output equations for In(MI)) and p;
[H,] hydrogen concentration in the gas phase
1 identity matrix
J performance index for optimal saturation handling
Kyy K3 nonlinear controller tuning factors
k, catalyst deactivation rate constant
ky rate constant for hydrogen consumption
Koy Ky rate constants for ethylene and butene consumption
K diagonal matrix for tuning nonlinear controller
L parameter defined in Eq. 19
M = expression defined in Eq. 15
M diagonal matrix for linear controller tuning
my, m, diagonal elements of M matrix
[M], (M)} ethylene and butene concentrations in the gas phase
MIL,, o. cumulative melt index and density
ML, p; instantaneous melt index and density
MI,, o, setpoints for instantaneous melt index and density

expression defined in Eq. 16

polymer outflow rate

expression defined in Eq. 13

expression defined in Eq. 14

butene solubility coefficient

time

reactor temperature

first-order closed-loop time constant

vector of manipulated variables

vector of feedforward variables

volume of the gas phase

equivalent volume of butene dissolved in the polymer
weighting factor for optimal saturation handling
parameter defined in Eq. 20

moles of active sites in the reactor

setpoint trajectory

output variable 1, In(MI)

output variable 2, p;

backward shift operator
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Appendix: Derivation of the Linear IMC Controller

The first-order decoupled error trajectory in Eq. 8 corre-
sponds to the following discrete time equivalent:
e(t+hy=Me(t) (AD)
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where h, the discretization interval for the linear controller,
has been chosen to correspond to the sampling time of the on-
line GC. The elements of diagonal matrix M correspond to
exp(— h/7;) where 7,= — 1/x; is the desired first-order closed-
loop time constant of the ith error response.

If time-invariant linear transfer function models are suffi-
cient to predict the instantaneous product properties in the
gas-phase polyethylene reactor, then one can write:

Y()=Gu(t)+Du(ry+d(1) (A2)

where G, is a 2X2 discrete transfer function matrix which
relates the manipulated variables u, and u, to the outputs Y,
and Y,. Dis a 2x 4 transfer function matrix which describes
how the feedforward variables, v, affect the output. The ele-
ments of p are the reactor temperature setpoint, the bleed valve
position, the catalyst feed rate, and the bed level setpoint. d(¢)
is a vector of unmeasured disturbances (such as the effects of
impurity and catalyst variations on the outputs) which are not
accounted for in the transfer function models.

The error trajectory specification in Eq. Al can be rewritten
as:

Yo(t+h)=Y(t+h)=M{Y,(1)-Y(1)} (A3)
Substituting for Y(z+ k) and Y(¢) from Eq. A2 gives:
Y, (t+h)-G,(¢+h)—Du(t+h)—d(t+h)
=M{Y,(t)~Gu(t)-Du(t)—-d(1)} (Ad

Assuming that the best forecast for future values of the dis-
turbance is its current value, that is d(¢) is a random walk or
a series of steps, Eq. A4 becomes:

MG u(t)-Gu(t+h)=MY,(£) - Y, (t+h)

~MDu(t)+Du(t+h)— (M-Dd(t+h) (AS5)
In Eq. A2, all of the terms in the G, and D matrices contain
two sampling intervals of delay, one for the zero-order hold,
and one for the gas composition measurement deadtime. Each
of these matrices can be factored as follows:

=226,

(A6)

SR

=z7D (A7)
where the undelayed portion of the transfer function model,
Q, is assumed invertible. If G, is not invertible due to poles
outside the unit circle, then approximate model inverses can
be obtained in several ways (Garcia and Morari, 1985; Kozub
et al., 1989). Substituting z™'u(¢+ k) for u(¢) in Eq. AS and
right multiplying by G,' (Mz™'—1) ! gives:

U+ h) =G, 27 Y, (t+20) - G, ' Dz v (t + h)

-G, 'Fz7'd(1+h)  (A8)

where

May 1993 Vol. 39, No. 5 865



F={I-Mz"")""(I-M) (A9)

is a first-order filter involving only the specified error trajectory
(or desired closed-loop time constant) parameters. Dividing
both sides of Eq. A8 by z7! and assuming that d(¢+ h) =d(t)
leads to the following expression for the control law:

u(t)=G, 'Y, (t+2h)-G,'Dv(¢) -G, 'Fd(1) (A10)

This linear controller can be implemented in the IMC form
shown in Figure 3 wherein G* and D" represent the true proc-
ess. This is a standard IMC feedback control structure with
added feedforward action.
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