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A major difficulty affecting the control of product quality in industrial poly- 
merization reactors is the lack of suitable on-line polymer property measurements. 
In this article a scheme is developed to predict melt index and density in a fluidized- 
bed ethylene copolymerization reactor. Theoretically-based models are derived to 
predict quality variables from the available on-line temperature and gas composition 
measurements. Adjustable parameters in these models are updated on-line using 
infrequent laboratory measurements and a recursive parameter estimation technique. 
The application of this methodology is illustrated using operating data from an 
industrial reactor. It is shown that both melt index and density can be successfully 
predicted. Knowledge of product property deviations from desired targets is required 
so that manufacturers can take corrective actions to reduce the quantity of off-grade 
material made and produce a consistent product. 

Introduction 
A common problem in the polymer industry is the lack of 

on-line measurement technology for polymer quality variables 
(Elicabe and Meira, 1988; MacGregor et al., 1984). While 
temperature, pressure, flow rate and gas composition are rou- 
tinely measured on-line, key quality variables such as molecular 
weight and copolymer composition must usually be measured 
off-line in quality control laboratories (Richards and Schnelle, 
1988). These delayed and infrequent quality measurements 
provide essential feedback for process control. Combination 
of information from on-line and off-line measurements with 
process models can lead to improved estimates of quality vari- 
ables between samples and to improved product property con- 
trol. Reconciliation of measurement information with process 
models can be accomplished in several ways. Recursive pa- 
rameter estimation techniques (Ljung, 1987) can be used to 
update model parameters. Alternatively, Kalman filters (Ardell 
and Gumowski, 1983; Kozub and MacGregor, 1989; Mac- 
Gregor et al., 1986; Ellis et al., 1988) can be used to infer 
unmeasured product quality states as well as to update model 
parameters and model predictions. 

In this article, a scheme to infer polymer quality variables 
in a fluidized-bed polyethylene reactor is presented. A brief 
process description is followed by the development of theo- 
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retically-based models relating reactor operating conditions to 
molecular weight and copolymer composition. In industrial 
settings, polyethylene-grade specifications are generally quoted 
in terms of melt index (MI)  and density (p) (ASTM, 1990), 
rather than molecular weight and comonomer content. Hence, 
relationships between molecular weight and MI and between 
composition and p have been incorporated into the process 
models. The development of a recursive technique for updating 
model parameters using off-line MI-and p measurements is 
described. Results show that both MZand p can be successfully 
predicted using this technique. Although the inference tech- 
nique presented is discussed in the context of predicting melt 
index and density in gas-phase polyethylene reactors, the ap- 
proach is applicable to other chain growth polymerization sys- 
tems with well-defined reactor mixing behavior. 

Process Description 
In recent years, the UNIPOL process has become a popular 

commercial technology for linear polyethylene prodaction 
(Burdett, 1988). In this process, the copolymerization of eth- 
ylene and a-olefins is carried out in a fluidized-bed reactor 
using a heterogeneous Ziegler-Natta or supported metal oxide 
catalyst. A schematic diagram of the reactor system is shown 
in Figure 1. The feed to the reactor comprises ethylene, a 
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Figure 1. Gas-phase polyethylene reactor system. 

comonomer (1-butene or a higher alpha-olefin) hydrogen and 
nitrogen. These gases provide the fluidization and heat transfer 
media and supply reactants for the growing polymer particles. 
The catalyst and a cocatalyst are fed continuously to the re- 
actor. The fluidized particles disengage from the reactant gas 
in the expanded top section of the reactor. The unreacted gases 
are combined with fresh feed streams and recycled to the base 
of the reactor. Since the reaction is highly exothermic, heat 
must be removed from the recycle gas before it is returned to 
the reactor. The rate of polymer production is determined from 
an on-line heat balance. The mass of material in the bed is 
also calculated on-line using bed level and pressure measure- 
ments. The conversion per pass through the bed is very low, 
making the recycle stream much larger than the fresh feed 
streams. Because polymer particles in the fluidized bed are 
mixed well and the conversion per pass is low, gas composition 
and temperature are essentially uniform throughout the bed. 
Periodically, the product discharge valve near the base of the 
reactor opens and the fluidized product flows into a surge 
tank. The unreacted gas is recovered from the product that 
proceeds downstream for further processing and distribution. 

The melt index and density of the polymer in the bed depend 
on catalyst properties, reactant gas composition, and reactor 
temperature. The reactor is instrumented well with tempera- 
ture, pressure, and flow sensors. Gas compositions are meas- 
ured by on-line gas chromatographs. Melt index and density 
are measured every several hours in the quality control labo- 
ratory. These analyses require up to one hour. When the lab 
results become available, they are used to adjust the reactor 
operating conditions to ensure that on-specification polymer 
is produced. 

Models for Melt Index and Density 
Any scheme to predict melt index and density between meas- 

urements requires a model describing how these variables are 

affected by reactor operating conditions. If the reactor is op- 
erated near one set of operating conditions to produce a limited 
number of polymer products, then an empirical linear plant 
model will often suffice. However, one of the advantages of 
the UNIPOL process over traditional liquid-phase systems is 
the wider range of products that can be producrd (Burdett, 
1988). The models developed for this application niust be valid 
over the range of products made in the reactor. Thus, linear 
empirical models are not suitable. 

A kinetic model describing molecular weight and copol- 
ymer composition development and their relationships to melt 
index and density is presented by McAuley et al. (1990). While 
this model can predict MI, p,  and production rate in an in- 
dustrial reactor, the structure of this model (22 differential 
equations) is prohibitively complex for use in an on-line quality 
inference scheme. The approach taken in this article is to sim- 
plify the theoretical model so that it becomes appropriate for 
on-line use. Although several different comonorners are used 
to produce linear polyethylene in UNIPOL systems, it is un- 
common to operate with ethylene and more than two com- 
onomers in the reactor simultaneously. Hence, the simple 
models for MZ and p are developed for ethylene. butene and 
one higher alpha-olefin (HAO) comonomer. Extensions to 
more comonorners are straightforward. 

Unmeasured impurities and unmodeled disturbances can re- 
sult in sustained offset between model prediction, and rneas- 
ured quality variables. If such drifts in product qudlity are not 
accounted for in the control scheme, then large cuantities of 
off-grade polymer can be produced. One way to alleviate this 
problem is to force the model to track the process by updating 
parameters and predictions recursively on-line. If the common 
sources of the expected mismatch are known, then this infor- 
mation can be used to choose which parameters remain con- 
stant and which are likely to change due to the disturbances. 
Theoretically-based models have an advantage over empirical 
models in that the designer may have some prior knowledge 
about which parameters require on-line updating. 1 Jsually only 
a few meaningful parameters need to be updated, thereby 
making the on-line schemes easier to maintain and monitor. 

Instantaneous vs. cumulative properties 
Polymerization reactions involving Ziegler-Nai ta catalysts 

occur very quickly compared with the time scale of the gas- 
phase and solid-phase reactor dynamics. Under the assumption 
of uniform gas composition and temperature, all of the pol- 
ymer made during a short time interval at a specific type of 
catalyst site is similar in structure because it is produced under 
the same reaction conditions. The composition and molecular 
weight distributions of the polymer produced during this short 
time period are referred to as instantaneous properties, whereas 
the molecular weight and composition distributions of the total 
polymer in the fluidized bed are cumulative properties. At 
steady state, the instantaneous and cumulative properties are 
identical. However, under unsteady conditions, instantaneous 
and cumulative properties can be significantly different. Cu- 
mulative polymer properties can be obtained by integrating 
the contributions of instantaneous polymer produced in the 
past, as is done in this application. First, models are developed 
for instantaneous melt index and density, and then a dynamic 
mass balance on the fluidized bed is used to obtain the cu- 
mulative properties. 

826 June 1991 Vol. 37, No. 6 AIChE Journal 



Instantaneous melt index model development 
Above a certain critical molecular weight, the viscosity, T ,  

of a linear polymer melt at low shear rates is related to the 
weight average molecular weight, aW, by: 

where the exponent a is approximately 3.5 (Vinodograv and 
Malkin, 1980). Since melt index is inversely proportional to 
the low shear viscosity, MZ and a, are related by: 

This power law relationship has been confirmed experimentally 
for linear polyethylenes by Bremner et al. (1990). 

Gas-phase Ziegler-Natta olefin copolymerizations are gen- 
erally controlled by reaction kinetics rather than by monomer 
diffusion limitations (Floyd et al., 1986). The broad molecular 
weight and compositional distributions that have been ob- 
served for these systems (Usami et al., 1986) result from mul- 
tiple types of active sites on the catalyst. The polymer produced 
at each individual site type contributes to the overall product 
properties. In this system, growing polymer chains are ter- 
minated exclusively by chain transfer and site deactivation 
reactions. The instantaneous molecular weight distribution for 
polymer made at each site type is the Flory-Schultz most prob- 
able distribution and the corresponding polydispersity is 2 (Ru- 
din, 1989). Thus, for an active site of typej, the instantaneous 
2, and number average molecular weight, an, are related by: 

Hence, the instantaneous MZ of the polymer produced at a 
site of type j is related to r n ( j ) ,  the instantaneous number 
average degree of polymerization by: 

r, ( j )  is equal to the ratio of the rate of propagation of living 
polymer chains, Rp(j) ,  to the rate of production of dead chains, 
R A J ) :  

R,(j) is the sum of the consumption rates for individual mon- 

The individual propagation rates depend on [MI], [M2] and 
[M,], which are the concentrations ethylene, butene and H A 0  
in the gas phase, and on C* ( j ) ,  the number of moles of active 
sites of typej in the reactor. The kp, ( j )  terms are propagation 
rate constants for the addition of monomer m to a growing 
chain with terminal monomer i. + i ( j )  is the fraction of prop- 
agating sites of typej, which have terminal monomer i. Expres- 
sions for dl(j), & ( j )  and & ( j )  are discussed by McAuley 
(1990). 

For industrial polyethylenes, the incorporation of comon- 
omer into the polymer chains is generally less than 5 mole per 
cent (Sinclair, 1983). Thus, at any one time, the fraction of 
growing chains with a terminal butene or H A 0  group is ex- 
pected to be small. Propagation rate constants for the addition 
of a given monomer to the chain are of the same order of 
magnitude, regardless of the terminal monomer on the growing 
chain. As a result, the first term in the parentheses in Eq. 7 
is much larger than the remaining two terms. Similarly, the 
first terms in Eqs. 8 and 9 are much larger than the terms that 
follow them. Substitution into Eq. 6 with the added assumption 
that ( j )  is near unity gives: 

Neglecting spontaneous transfer and deactivation reactions, 
the rate of production of dead chains consists of transfer to 
monomer, transfer to hydrogen, transfer to cocatalyst and 
impurity deactivation terms: 

The rates of chain transfer to ethylene, butene, HAO, hydrogen 
and cocatalyst are shown below: 

[H,] and [R] are the concentrations of hydrogen and cocatalyst, 
respectively. The kf’s are transfer rate constants defined by 
McAuley (1990). The rate of active site deactivation by im- 
purities, & ( j ) ,  is: C * ( A  (8) 
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R d / ( A  = [IlkdI(j)C* ( A  (17) 

[I] is the concentration of impurities in the reactor and k,,/(j) 
is a deactivation rate constant. Equations 12 to 16 can be 
simplified in a similar manner to Eqs. 7 to 9. Equations 10 to 
17 can then be combined to give the following expression: 

The overall instantaneous melt index of the polymer could be 
calculated from the individual, site-specific, instantmeous melt 
indices, MZ(1) and MZ(2), if the parameters in Eq. 23 were 
known for each site type. The overall instantaneous weight 
average molecular weight of the combined polymer produced 
at two different active site types is: 

This equation can be further simplified by neglecting 
[M2]kpI2(j) and [M3]kp13(j) in the denominator. This can be 
done without incurring much additional error because the in- 
corporation of butene and H A 0  into the polymer chains is 
small compared with ethylene incorporation. Combination of 
Eqs. 5 and 18 yields: 

resulting in the following relationship between melt index and 
the reaction kinetics: 

a,= W,MW(l) + W2MW(2) (24) 

where w1 and w, are the weight fractions of the polymer pro- 
duced at sites 1 and 2, and MJ1) and Mw(2) arch the corre- 
sponding weight average molecular weights. From Eq. 2: 

Since it is very difficult to determine, the parameters kl to k7 
for each separate active site type, it is proposed that the same 
structure as Eq. 23 be used to predict the overall instantaneous 
melt index. The parameters values kl to k, will be influenced 
by the combined effects of the individual sites. When catalyst- 
grade changes are made, altering the ratio of the two types of 
sites, the values of the parameters will change. Tabing natural 
logarithms of both sides of Eq. 23 and eliminating the j gives 
the final model form: 

The j ’ s  on the righthand side of Eq. 20 have been eliminated 
in the interest of brevity. The effect of temperature on melt 
index can be incorporated into the model by assuming that all 
chain transfer and deactivation reactions have a similar acti- 
vation energy, Ea,. For a general chain transfer rate constant, 
kf( T ) ,  Arrhenius behavior implies that: 

where To is a reference temperature. Thus, the ratio of a chain 
transfer rate constant to kpll is: 

where Ea, is the activation energy for propagation. Equation 
(20) becomes: 

Although many assumptions and simplifications have been 
made to obtain this instantaneous MI model, the main mech- 
anisms that affect molecular weight development are still re- 
flected in the model structure. 

Instantaneous density model development 
The density of a polymer sample depends on how closely 

the polymer chains can fit together. Incorporarion of co- 
monomers into polyethylene causes short cham branches 
(SCB’s) to protrude from the polymer backbone. 1 hese SCB’s 
inhibit crystalline structures and reduce the densit) of the pol- 
ymer. Both the number of branches along the chain and the 
length of the side chains influence density. Polymer molecular 
weight or alternatively melt index also has a small influence 
on polyethylene density (Sinclair, 1983). A model cif the form: 

reflects these ideas. mf, and mf3 are the mole fractions of 
butene and HAO, respectively, in the polymer chains. As mf, 
and mf3 increase, the number of SCB’s increases causing the 
density to fall. Parameters a, and a3 differ becaiise the side 
chains produced by the H A 0  are longer than those produced 
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by butene. A smaller mole fraction of H A 0  than butene is 
required to produce the same drop in density. When ethylene 
homopolymer is produced, mf2 and mf3 are zero. Thus, po 
represents the density of pure homopolymer with a melt index 
of unity. 

At a site of type j, the instantaneous mole fraction of butene 
in the polymer chain is: 

average molecular weights. If the same samples have densities 
p a  and p B  and no volume change occurs during the mixing 
process, then the overall density is given by: 

wA wB 

P P A  P B  
- +- (37) 

In UNIPOL reactors, the solid polymer particle phase is 
mixed well by the turbulent action of the gas phase. New 
polymer is added continuously to the bed by the polymerization 
of monomers, and the accumulated polymer leaves the bed in 
frequent small batches via the product discharge system. Hence, 
the mixing and residence time behavior of the solid phase can 
be approximated by that of an ideal continuous stirred tank. 
Instantaneous polymer with weight average molecular weight 
Gwi, melt index MI,, and density p i  is fed continuously to the 
mixer at a mass flow rate PR equal to the instantaneous polymer 
production rate. The well-mixed bed contains a mass of pol- 
ymer, M,, which has a cumulative weight average molecular 
weight a,,, cumulative melt index MI,, and cumulative density 
p c .  If there is no net accumulation of polymer during a short 
period of time, At, then PRAt kg of new instantaneous polymer 
enter the bed and the same quantity of cumulative polymer 
leaves the bed. After the time period, At, the mass fraction of 
new instantaneous polymer in the reactor will be PRAt/M, and 
the mass fraction of the old cumulative polymer will be 
1 - PRAt/Mp. Thus, the new weight average molecular weight 
and density are given by: 

When comonomer incorporation is small, this expression re- 
duces to: 

Similarly for the HAO: 

The overall mole fraction of butene and H A 0  in the polymer 
depends on the relative numbers of the two active site types: 

where m1 and m2 are the mole fractions of the total monomer 
being consumed instantaneously at site types 1 and 2, respec- 
tively. Thus, for a given catalyst: 

Therefore. 

g W c ( t + A t )  -Mw, ( t )  1 - 1 -  
= - Mw; ( t ) - - Mwc ( t ) 

At 7 The instantaneous density model becomes: 

1 1 

The structure of this model agrees with the observation that 
reactor temperature has a minimal effect on the density of 
polyethylene. Temperature effects enter the preceding model 
only through the melt index term. 

where 7 =Mp/PR is the solid-phase residence time. Taking the 
limit as At-0 gives the following differential equations: 

dPWc 1 -  1-  
dt 7 7 

- Mw;--Mwc Cumulative melt index and density models 
When two polymer samples, labeled A and B, with different 

molecular weights are mixed together, Mw of the mixture is 
given by: d(3 1 1  1 1  

- (43) 
dt 7 Pi 7 Pc 

where wA and wB are the weight fractions of polymers A and 
B in the mixture and nwA and GwB are the respective weight 

Equation 2 can be used to express Eq. 42 in terms of melt 
index: 
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d (MI;  0.286) 1 1 Kozub and MacGregor (1989), by Gagnon (1990), and by Ellis 
7 (44) et al. (1988) among others. - - & f p . 2 8 6 - -  - MI,- 0286 dt 

Given the initial cumulative MI and p of the polymer bed, Eqs. 
43 and 44 can be used to predict the effects of time varying 
instantaneous MI and p on the cumulative properties. These 
cumulative properties are measured in the quality control lab- 
oratory. 

Gas compositions in the reactor are measured periodically 
using on-line gas chromatographs. Since the gas sampling in- 
terval, h, is very small with respect to the polymer-phase res- 
idence time, T ,  little error is incurred by assuming that the 
instantaneous properties remain constant over the gas sampling 
interval. Using this assumption, Eq. 44 is equivalent to the 
following difference equation: 

Similarly for density, Eq. 43 becomes: 

These are the model forms used in the on-line inference scheme. 
All that is required to predict cumulative melt index and density 
estimates are initial estimates of MI, and pe, estimates of the 

For the polyethylene reactor study in this article, the EKF 
could be implemented as follows. Given an initial set of pa- 
rameter estimates (r,p_"), and some initial estimate of the 
model states (MZ;o,286 ", l/p,O), the nonlinear model Eqs. 45 
and 46 can be linearized about these initial conditions to give: 

where t - 1 refers to the time at which the last polymer sample 
was taken and t is the time of the current sample. The state 
vector is an augmented vector consisting of the model and 
parameter states, that is: 

The A and G matrices in Eq. 47 are composed of several parts 
as shown below: 

parameters k =  (kl ,  k2 ,... k,)=andp_= ( p o , p l  ,... p4)=in  the in- 
stantaneous property Eqs. 26 and 35, and a series of gas com- 
position, temperature, production rate and bed mass 
measurements. 

The A_' part in Eq. 49 is the linearized relationship describing 
how MZ;o.286 and l/p, at time t - 1 contribute to the properties 
at time t. An expression for MZ;o.2x6 at time t can be obtained 
by successive application of Eq. 45 for each interval of length 

Recursive Techniques for Updating Parameters 
and Predictions in Nonlinear Models 

Recursive techniques are ideal for updating model param- 
eters in on-line applications. The traditional nonlinear least 
squares approach to parameter estimation is not used usually 
because it requires the storage of past input variables and 
observations in a table. As this data table continues to grow, 
successive calculations take longer to complete. In recursive 
schemes, the measured input and output data are processed 
sequentially and old measurements need not be stored. Each 
parameter updating step requires the same amount of com- 
putational effort. The approaches that can be used for recursive 
parameter estimation with nonlinear models include the ex- 
tended Kalman filter and recursive prediction error methods 
(Ljung, 1987). 

h contained in the product sampling interval from time t -  1 
to t .  In a similar manner, l/p, can be determined by successive 
applications of Eq. 46. These equations can be linearized using 
Taylor series approximations to give A_' and alsc G' in Eqs. 
50 and 51.  y ( t )  in Eq. 48 is the vector of new measurements 
available attime t and H( t )  = (1, 0, 9, (0, 1 ,  CJ or (1, 0, OJ 
depending on which measurements are available at the current 
sampling interval. g is the set of inputs to the model including 
temperature and gas composition ratios. w and represent the 
modeling errors and the measurement errors, with covariance 
matrices &, and i7,, respectively. When new measurements 
become available, the state estimation and parameter updating 
are accomplished by solving the following filter equation: 

g ( t  I t ) = g ( t  I t - l ) + K ( t ) [ y ( t ) - j ( t  - - I t - 1 ) )  (52) 

where 9 ( t  I t - 1) is the predicted output vector at time t made 
by evaiuating the nonlinear model Eqs. 45 and 46 from time 
t -  1 to t. The Kalman gain matrix K ( t )  comes from solving 
the following set of recursive matrix Ricatti equations: 

K(t)  = p ( t  I t -  i @ ( t ) @ ( t ) e ( t  I t -  1) 

Extended Kalman filter 
The extended Kalman filter (EKF) provides a framework 

for both state estimation and parameter updating in nonlinear 
process models. One of the first reported applications of this 
technique to polymer reactors was by Jo and Bankhoff (1976) 

several time varying parameters on-line. Recent applications 
who used an EKF to both estimate process states and update 

of EKF's to polymerization systems have been reported by 

X _ H T ( t )  + & , ] - I  (53) 

(54) p ( t  I t - l ) = / l ( t ) f ( t - l  I t-l)A_'r(t)+&, 
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c( t I t )  is the covariance matrix for the state and parameter 
estimates at time t ,  given all of the information available at 
that time. After each update, the predictions of the model 
states (MZ;o’286, l/pJ are again made by successive evaluations 
of Eqs. 45 and 46 over the next product sampling interval. 
These equations are then relinearized about the predictions to 
the forms in Eqs. 47 and 48. The entire sequence is repeated 
with each laboratory measurement. The EKF is tuned by 
changing the relative sizes of the elements in I?, and &, as 
explained by MacGregor et al. (1986). EKF’s are very versatile 
in that they can be used to update one or more parameters 
appearing in several model equations simultaneously and they 
provide updated estimates of the model states and the param- 
eters with each new product measurement. Nevertheless, care 
must be taken in the formulation of EKF’s. If too few param- 
eter or disturbance states are included in g, then biased esti- 
mates will be obtained due to unaccounted for nonstationary 
disturbances (MacGregor et al., 1986). 

Recursive prediction error method 
The recursive prediction error method (RPEM) is closely 

related to the parameter estimation part of the extended Kal- 
man filter. Recursive prediction error schemes are generally 
simpler to design, tune and implement than EKF’s, but they 
are also less flexible. RPEM’s are usually formulated to update 
a vector of parameters, 1, in a single model equation of the 
form: 

If this model is linear in the parameters, then the RPEM col- 
lapses to recursive least squares (RLS) estimation. RLS and 
other variants of the RPEM are commonly used in self-tuning 
regulator applications (Goodwin and Sin, 1984). Given the 
variance of the measurement error, cr:, an initial vector of 
parameter estimates, &O), and the covariance of these esti- 
mates, Cov@(O)], recursive parameter identification is accom- 
plished by solving the following Ricatti equations: 

B( t )=B( t - l )+ l_( t - l )€( t )  (57) 

(59) 

Equation 57 is similar in structure to the EKF equation (Eq. 
52). & ( t -  1) and & ( t )  are both gain terms and ~ ( t )  and 
y ( t )  - - j ( t  I 1- 1) are prediction errors. Like P ( t  I t )  in Eq. 
5 5 ,  Q (7) provides a measure of the covariance of the parameter 
estimates. The model linearization steps required for the EKF 
are replaced by the calculation of Z ( t )  whose elements are 
partial derivatives of the model with respect to the parameters. 

To provide for time varying parameters, the RPEM has been 
formulated with an exponential forgetting factor, A. Values 
of X near 1 correspond to slow parameter updating whereas a 
smaller X results in recent information being weighted more 
heavily than past data so that can change quickly. A constant 
value of X can result in slow parameter updating after abrupt 
process changes and in covariance blow-up when too much 
old information is discarded during periods of steady opera- 
tion. To prevent these problems, Fortescue et al. (1981) have 
developed a variable forgetting factor algorithm which adapts 
X according to the information content of the data. Their 
algorithm shown below results in a small X after abrupt process 
changes and a A near unity during periods when prediction 
errors are small: 

1 -Zr ( t )L ( t -  1) 
h ( t )  = 1 - e2(t> 

7 

Just as the rate at which parameters change is influenced by 
the elements of Z3, in the EKF, y is a tuning factor which 
influences the rate of parameter change when the RPEM is 
used. The latter approach, however, lacks some of the flexi- 
bility of the EKF when more than one parameter is being 
updated. The elements of I?, can be specified independently 
to influence individual parameters. Changes to y, however, 
cause a similar effect in the rates of the change of all of the 
parameters. 

Although RPE methods provide updated estimates of the 
model parameters whenever new observations are made, unlike 
the EKF, they do not simultaneously provide updated estimates 
of the state variables l / p c )  at these instances. Ob- 
viously by updating the model parameters recursively, the pre- 
diction errors of these states are kept small over time. However, 
to evaluate the model equations 45 and 46 over each product 
sampling interval, initial conditions at the start of the interval 
must be given for MZc and pc. These initial conditions could 
be taken as the measured values at t - 1, the predicted values 
at t -  1 or some compromise between the two. A benefit of 
the EKF is that it automatically provides the optimal estimates 
as part of the update vector &( t I t ) .  To solve this problem, 
the RPE algorithm can be augmented with an empirical filter 
of the form: 

g( t  I t )=g( t  I t - l ) + r b ( t ) - 9 ( t  - - I t- l)]  (64) 
1 Q(t-  l)Z(t)ZT(t)Q(t-  1) (60) 
X Q(t )= -Q( f - l ) - -  + _z= ( t )Q ( t - 1 )_z ( t )  where g* = l/pJT. This state filtering equation is of 

the same form as the Kalman Filter equation 52 except that 
.K* is assumed to be a constant matrix which is estimated from 
a representative record of plant data to minimize the sum of 
squared prediction errors. In general, for measurements with 
very little noise, the diagonal elements of K* will approach 
unity, while for noisy measurements, these elements will be 
smaller. 

- 

a€ ay Z ( t )  = --=- (61) a! a! - 

COV@ ( t I 
ot- 

(62) Q ( O =  2 
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Application of Recursive Estimation for Product 
Quality Inference 

Before a recursive estimation scheme can be implemented, 
one must choose which parameters values should be adapted 
on-line and which should remain constant. If the recursive 
technique is used to fit data from a well-designed dynamic 
experiment, then a number of parameters can be successfully 
updated simultaneously. However, if the parameter estimator 
is applied to happenstance data, then it is better to fix most 
of the parameter values off-line and estimate only a few on- 
line. If the input to the estimator lacks sufficient information 
on some of the model parameters, the resulting parameter 
estimates will have a large covariance and will be highly cor- 
related with the estimates of other parameters. Such correlation 
can be determined from the elements of p or Q. While a model 
with poorly known and highly correlated parameters can still 
track the process successfully during periods of ordinary plant 
operation, the poor parameter estimates will initially lead to 
poor model predictions when a change in operating conditions 
occurs. Updating only a few essential parameters can help to 
alleviate this problem. 

For the melt index and density models, the candidates for 
on-line updating are parameters kl to k, in Eq. 26 and po to 
p4 in Eq. 35. Since many different unmeasured impurities affect 
the instantaneous melt index, the entire k5[I]/[Ml] term is a 
good candidate for on-line updating. Equation 26 can be re- 
written as: 

where k,[I]/[M,] and k6 have been collapsed into a single term, 
ko. Updating k,, on-line has intuitive appeal because it accounts 
for the effects of changing impurity levels on MI. Since low- 
level impurities have very little effect on density, there is no 
corresponding impurity term in Eq. 35 which should be au- 
tomatically chosen for on-line estimation. If only one param- 
eter is to be updated on-line, it must affect the model 
predictions, regardless of which comonomer is being used and 
the MI of the polymer being produced. For this reason, po 
should be updated recursively. If necessary, additional param- 
eters in either the MI or density models could also be chosen 
for on-line adaptation. In the interest of simplicity, however, 
it was decided that only ko and po would be updated on-line. 
This choice of a single parameter for each model avoids the 
problem of parameter correlation in the case of non-inform- 
ative data and also makes the application simple to implement 
and maintain. Since instantaneous and cumulative properties 
are identical at steady state, parameters kl to k4, k7 and p 1  to 
p4 were estimated off-line using steady state plant data. 

In this study, the RPEM was chosen over the EKF approach. 
The reasons for this choice are that the RPEM is easier to 
implement, has fewer parameters to specify and the potential 
benefits of the EKF are not realized in this simple estimation 
problem. To implement an EKF, the user must supply: initial 
estimates of the state variables and parameters, an initial co- 
variance matrix fo, a linearized version of the model equations 
as shown in Eq. 47, and covariance matrices A, and R,. The 

only requirements for implementation of the RPEM are initial 
estimates of the parameters k,, and po, initial estimates of their 
variances, expressions for the partial derivatives in Eq. 61, and 
a single tuning factor, y, for each time varying parameter. 
Although the RPEM approach is recommended in this situ- 
ation, the added flexibility of the EKF would be beneficial for 
more complex estimation problems. The potentia I benefits of 
the EKF over the RPEM include: the ability to estimate un- 
measured model states, the potential for estimating several time 
varying parameters simultaneously while controlling the rel- 
ative rate of change of each parameter, the abilitv to estimate 
parameters which appear simultaneously in several highly cou- 
pled models, and a means of optimally accounting for errors 
in the measured model inputs. These benefits are not realized 
in the estimation problem under consideration because our 
goal is to estimate only two time varying parameters, ko and 
pa which appear in two essentially uncoupled equations. Their 
is no requirement for the estimation of unmeamed model 
states nor is there any need to incorporate information on the 
gas composition or temperature measurement el rors into the 
scheme. The measurement errors in these inputs are sufficiently 
small that they can be neglected, especially since the integration 
step of Eqs. 45 and 46 has an averaging effect on the individual 
errors. Since none of the potential benefits of ?he EKF are 
realized in this estimation problem, the two approaches should 
give almost identical results. 

A diagram illustrating the on-line product qua1 ity inference 
scheme for melt index is shown in Figure 2 .  An analogous 
diagram can be drawn for density. When a new melt index 
measurement becomes available from the laboratory, the meas- 
urement is compared with the model prediction which corre- 
sponds to the time at which the sample was taken from the 
reactor. Since the sample analysis delay may be a?, long as one 
hour, a table containing past temperature and gas composition 
data at h minute intervals must be stored on-line. After the 
parameter update calculation, the current melt index estimate 
can be updated by applying Eq. 45 with the neN value of ko 
over each h minute interval of the analysis delay, starting from 
the new measured value of MI. The prediction error used in 
the recursive estimation algorithm in Figure 2 is the difference 
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I 
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Figure 2. Melt index prediction scheme. 
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between the logarithms of the measured and predicted MZ's. 
This transformation is used because the variance of the melt 
index laboratory measurement increases with the melt index 
level. The error variance in In ( M I ) ,  however, does not depend 
on the magnitude of the MI measurement. A constant error 
variance assumption is implicit in least squares type estimators, 
which include both the EKF and RPEM. No transformation 
is required for density because the measurement error variance 
is not level dependent. Thus, y in Eq. 56 is either In(MI) or 
p and 8 in equation 57 is either ko or po depending on which 
model is being updated. The partial derivatives required in 
equation 61 can be determined either numerically or analyti- 
cally. The analytical expressions developed in McAuley (1991) 
have been used in the examples which follow. Initial parameter 
estimates and variances were provided from the off-line pa- 
rameter identification. y, the forgetting factor tuning param- 
eter, was tuned to achieve the desired trade-off between 
information content and the speed of the parameter update. 

The RPE algorithm was also augmented with the fixed gain 
observer Eq. 64, where the gains in K* were estimated from 
some plant data to minimize the sum or squared prediction 
errors. Estimates of these gains were close to unity. Conse- 
quently, the measured values were used as initial conditions 
in integrating the prediction equations over the next step. 
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Measurernew b) 3 0.24 ...... Prediction 
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Recursive updating of on-line melt index 
model using industrial data. 
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Figure 4. 

a. Gas-phase hydrogen to ethylene mole ratio; b. melt index 
predictions; c .  variable forgetting factor A; d. parameter value, 
ko . 

results shown in the Figures are scaled to keep actual reactor 
operating conditions and model parameters proprietary. Since 
the reactor was operated isothermally during the period shown 
in the Figures, a scaled value of exp( k7( l/To- 1/T) ) is shown 
in the Table rather than k,, itself. For the conditions shown 
in Figures 3 to 5 ,  k4[R]/[M,] was very small and could be 

12 I 

Results and Discussion 
Typical results from the melt index and density inference 

scheme are shown in Figures 3 to 5 .  The model parameters 
and the y settings required to produce these results are given 
in Table 1 .  Note that the values in Table 1 and the industrial 

I 
220 240 260 280 

2 1  

Time in Hours 
Figure 5. Predictions of on-line melt-index model during 

a large transition. 
a. Melt index predictions; b. hydrogen to ethylene ratio. 
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Table 1. Scaled Parameters Required for Inference Scheme 

Parameter Scaled Value 

exp(k,(l/T, - 1/7)) 0.1660 
ki 0.0726 
k3 
PI 
P2 

P4 
y for kn 
Y forpn 

0.3298 
1.221 

85.29 
0.5292 
0.01 
0.25 

neglected. As shown in Figure 3a, the product quality inference 
scheme is able to successfully track a density change from 9 
to 13 scaled units. The density measurements, indicated by 
open circles, were performed several hours apart at irregular 
intervals. Any scheme used to update MI and p models on- 
line must account for this sporadic sampling period, as does 
the current RPE scheme. The small dots on the graph, which 
are often close enough together that they appear to form a 
line, represent the model predictions between the laboratory 
data. One dot was plotted each time the on-line gas composition 
measurements were made. The vertical distance between the 
predictions and the measurements is the density prediction 
error. After each laboratory measurement, the new model pre- 
diction starts at the measured value of p.  Thereafter, Eq. 46 
is used to recursively calculate each new model prediction. The 
density change in Figure 3a occurs in response to a reduction 
in the gas phase butene to ethylene ratio shown in Figure 3b. 
During this 70 hour time interval, the density update parameter 
plotted in Figure 3c, remained constant within 0.1 scaled den- 
sity units, indicating that the density model was able to account 
for the density behavior of the industrial reactor. 

The decrease in the butene to ethylene ratio at 112 hours in 
Figure 3b was also accompanied by an increase in the hydrogen 
to ethylene ratio shown in Figure 4a. Since both hydrogen and 
butene act as chain transfer agents, increases in their concen- 
trations result in lower molecular weight polymer and thus in 
a higher melt index. Hence, the simultaneous decrease in butene 
and increase in hydrogen have opposite effects on MI, and it 
would be difficult to predict the resulting MI response without 
a model. As shown in Figure 4b, the on-line inference scheme 
was able to predict the resulting small decrease in MI. The 
prediction errors are more apparent in Figure 4b than in 3a 
because the ordinate scale is larger relative to the standard 
deviation of the laboratory measurement error. The behavior 
of the exponential forgetting factor, h is shown in Figure 4c. 
After 120 hours, the on-line model predicts MIvalues in Figure 
4b which are too high for four consecutive measurements. The 
RPEM algorithm responds to the first large prediction error 
by reducing the forgetting factor so that k, can be adapted 
quickly. As the prediction errors become smaller, h is then 
allowed to increase. During this period the value of ko adapts 
to a lower level as shown in Figure 4d. This small adjustment 
in ko is required to force the model to track the process after 
the change in reactor operating conditions. The necessity of a 
change in ko could be attributable to any of a number of 
possible causes: a change in impurity levels; a drift in the gas 
composition analysers; a change in catalyst properties; uncer- 
tainty in the other fixed model parameters, or a slight structural 
inadequacy of the model. Regardless of the cause, the on-line 
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model was able to capture the main effects of the gas com- 
position changes and the recursive parameter estimation scheme 
was able to quickly adapt ko to eliminate any offset. 

The melt index change in Figure 4b is quite small compared 
with the range of MI’S produced in the reactor. k larger tran- 
sition in MIis shown in Figure 5 .  The on-line inference scheme 
is able to track the MI changes throughout this large grade 
transition. Even the major change which occurs between 228 
and 232 hours is well-predicted by the model. The rapid swings 
in MI which occur during this period are attributable to large 
changes in the hydrogen to ethylene ratio which are shown in 
Figure 4b. 

Conclusions 
A methodology for on-line melt index and density prediction 

in an industrial fluidized bed polyethylene reac: or has been 
presented. This scheme consists of theoretically-based models 
which relate melt index and density to reactor operating con- 
ditions. Adjustable parameters in the models are updated on- 
line by a recursive prediction error method when the results 
of laboratory analyses become available. It has heen demon- 
strated that this technique is capable of successfully predicting 
both MI and p.  These on-line predictions of melt index and 
density provide essential information to the polyethylene man- 
ufacturer so that a more consistent polymer can be produced. 
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Notation 
exponent in Eq. 1 
coefficient matrix in linearized process model 
parameters in Eq. 27 
subscript indicating a cumulative property 
number of moles of active catalyst sites in the re- 
actor 
activation energy for propagation reactions 
activation energy for chain transfer In deactiva- 
tion reactions 
extended Kalman Filter 
coefficient matrix in linearized process model 
gas composition sampling interval 
matrix relating state variables to measured vari- 
ables 
gas-phase hydrogen concentration 
gas-phase impurity concentration 
subscript indicating an instantaneous property 
type of active site on the catalyst 
Kalman gain 
parameters in instantaneous melt index model 
rate constant for chain transfer to hydrogen by an 
active site with terminal monomer i 
rate constant for chain transfer to monomer m by 
an active site with terminal monomer i 
rate constant for chain transfer to cocatalyst by 
an active site with terminal monomer i 
propagation rate constant for the addition of 
monomer m to an active site with terminal mon- 
omer i 
gain matrix in Eq. 54 
ethylene, butene and higher alpha-olrfin 
mole fraction of monomer i incorporated in the 
polymer chains 

Vol. 37, No. 6 AIChE Journal 



r, = 
Rp = 

RPEM = 
Rpi = 

Rtr = 
R” = 

R_, = 
t =  
T =  

To = 
u =  
v =  
w =  
w. = 

- 
- 

x =  
I =  
Y =  

Ym,, = 
- z =  

Greek Letters 
t =  

I ] =  
A =  
Y =  
a: = e =  
6, = 
r =  
P =  

melt index 
number average molecular weight 
mass of polymer in the reactor 
weight average molecular weight 
covariance matrix of state and parameter esti- 
mates 
parameters in the instantaneous density model 
polymer production rate 
matrix in Eq. 57 
gas-phase cocatalyst concentration 
rate of active site deactivation by impurities 
rate of chain transfer to hydrogen 
rate of chain transfer to monomer i 
rate of chain transfer to cocatalyst 
number average degree of polymerization 
rate of propagation of living polymer chains 
recursive prediction error method 
rate of consumption of monomer i by propaga- 
tion 
rate of production of dead polymer chains 
covariance matrix for measurement errors 
covariance matrix for modeling errors 
time 
absolute reactor temperature 
reference temperature 
vector of input variables in Eq. 45 
vector of measurement errors in Eq. 46 
vector of modeling errors in Eq. 45 
weight fraction of polymer produced at site type J 

vector of state variables 
vector of measurements 
model prediction 
measurement corresponding to model prediction 
vector of partial derivatives in Eq. 60 

prediction error 
viscosity of a polymer melt at low shear rates 
variable forgetting factor 
tuning parameter for variable forgetting factor 
variance of prediction errors 
vector of parameters 
fraction of active sites with terminal monomer i 
polymer phase time constant in the fluidized bed 
density 
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