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A hybrid model of a polyethylene production process is developed. The mechanistic
model utilizes fundamental material and energy balances to predict important process
conditions, such as the reactor temperatures, conversions, and the molecular-weight
distribution (MWD) of the polymer. Using plant data, it is shown that accurate MWD
predictions are not obtained from the mechanistic model alone, despite efforts to accu-
rately model the system and improve the accuracy of the input data. Because an accu-
rate prediction of the MWD is required to predict end-use properties, a hybrid model
was developed by adding an empirical layer to the mechanistic model. The empirical
layer was developed by using an optimization algorithm to adjust the predicted MWD by
manipulating multipliers of the key descriptors (states or functions of states) of the
distribution. These multipliers were then predicted from plant data using feedforward
artificial neural networks (FANNs). They are then combined with the mechanistic model

to allow accurate MWD prediction.

Introduction

Improved product quality is one of the primary reasons for
the use of advanced control in the polymer industry. Off-spec
material must be sold at a reduced price, blended with other
material, or wasted, resulting in reduced profits. The quality
of a polymer resin is normally defined in terms of resin prop-
erties, such as the melt index (MI or I,), molecular-weight
distribution (MWD), and density. Unfortunately, these prop-
erties are measured off-line at infrequent intervals and there
are substantial delays between the sampling and analysis of
results. Delays in obtaining resin measurements make pro-
cess control difficult and can result in significant quality vari-
ations. One solution is to improve on-line measurements, for
example, by using viscosity or spectroscopic techniques to in-
fer resin characteristics in the reactor outlet stream (Kiparis-
sides and Morris, 1996). However, they are not direct mea-
surements of resin properties and the interpretation of com-
plex spectra can be problematic. An alternative is to infer
quality variables using a dynamic model to predict the effect
of changes in the reactor conditions upon the quality. The
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dynamic model can be based upon the mathematics—
physics—chemistry of the process, be an empirical model de-
veloped using plant data, or a combination of both of these
techniques.

There have been a number of notable advances in the area
of control, monitoring, and modeling of polymerization reac-
tors (Lines et al., 1992; Crowley and Choi, 1998; Ogawa et
al., 1999; Seki et al., 2001), and there are a number of good
reviews in the literature (MacGregor et al., 1984; Ray, 1985;
MacGregor, 1986; Kiparissides and Morris, 1996; Kiparis-
sides, 1996). Mechanistic models are now available to predict
process conditions such as the reactor temperature and
MWD. Although the methods used for developing these
models are relatively well known, it is still difficult to reduce
process model mismatch to obtain the needed degree of ac-
curacy.

If a link is to be made to end-use properties, accurate pre-
dictions must be made not only of molecular-weight averages,
but the entire MWD distribution. Predictions of resin pro-
cessing and end-use properties can be based on manufactur-
ing conditions and parameters that describe the MWD
(Ohshima and Tanigaki, 2000; Latado et al., 2001), but Ari-
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awan et al. (2001) recently demonstrated that it may be more
useful to consider the entire distribution. Ariawan et al. (2001)
found that extensional and elastic properties of resins were
dependent on the concentration of larger molecules, and in
particular on the high molecular-weight tail of the distribu-
tion. Reducing process model mismatch for polymerization
models is difficult in itself. Predicting the details of the en-
tire MWD distribution with a high degree of accuracy is par-
ticularly challenging.

In this work, we develop a hybrid model that is a combina-
tion of mechanistic and empirical approaches for predicting
the MWD from reactor inputs. A mechanistic description is
used to maintain process understanding and model portabil-
ity, while an empirical model is used to decrease
process—model mismatch, which arises in the prediction of
the MWD.

As with all modeling techniques, there are a number of
options available for the development of a hybrid model. One
approach is to couple artificial neural networks (ANNs), an
empirical modeling technique, with a mechanistic model. Psi-
chogios and Ungar (1992) proposed this approach to model
batch and fed-batch fermentation processes. The ANN was
used to model variations in the specific growth rate, which
was then utilized as a parameter in the mechanistic model
(adjusting mechanistic model parameters leads to a so-called
serial hybrid model). Kramer et al. (1992) used a radial basis
function (RBF) network to model the residual errors be-
tween actual plant data and the outputs from a fitted theo-
retical model (this is often referred to as a parallel-hybrid
model). Schubert et al. (1994) considered a more sophisti-
cated hybrid model, which incorporated a mathematical
model in the form of balance equations and an ANN with
fuzzy logic supervision for batch and fed-batch bioreactor.
Tsen et al. (1996) developed a hybrid modeling strategy for a
batch polymerization reactor. They utilized an augmented
data set that integrated experimental data with a theoretical
model to develop an accurate neural-network prediction.
McKay et al. (1998) evolved a hybrid model of a fed-batch
fermentation process. Simple mass-balance expressions were
used for the mechanistic model, and genetic programming was
used to find empirical expressions for the required reaction
rates. Qi et al. (1999) combined a mechanistic model of a
wall-cooled chemical reactor with a neural-network model.
The neural-network was used to predict important process
parameters, such as the overall heat-transfer coefficient. The
hybrid model was shown to have greater accuracy than con-
ventional neural networks. Furthermore, the model was found
to be more reliable for extrapolation because of the mecha-
nistic basis.

In this contribution a detailed mechanistic model of a
polyethylene production process is developed. The model uti-
lizes fundamental material and energy balances to predict
important process conditions such as the reactor tempera-
tures, conversions, and the MWD. Accurate prediction of
MWD is required in order to fully characterize the polymer,
and, therefore, predict the polymer properties. However, it is
shown that accurate MWD predictions are not obtained us-
ing the mechanistic model. To overcome this problem, a
feedforward artificial neural network (FANN) is used to cor-
rect the MWDs by adjusting model states (or functions of the
states) that affect MWD (this is a serial approach to hybrid
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model development). This results in a more accurate MWD
prediction, which may be used to estimate end-use properties
and improve process control.

Process Description

The polyethylene process is a solution polyolefin technol-
ogy consisting of two reactors in series (see Figure 1). The
reactor system can be configured and operated differently so
as to obtain specific resin characteristics. Ethylene and
comonomer are fed to the first reactor along with the catalyst
and hydrogen. The product from the first reactor is fed to the
second reactor, with a second feed stream of ethylene,
comonomer, catalyst, and hydrogen. The feeds to each reac-
tor can be controlled independently, providing the flexibility
to tailor resin properties. The reactors are operated at mod-
erately high temperatures and high pressures. Process distur-
bances arise because of impurities in the feeds and variations
in catalyst quality.

Traditionally, resin properties that are controlled are Melt
Index (MI or 1,), density, and a measure of MWD breadth.
However, given the flexibility in a dual-reactor process to tai-
lor the distributional properties of the resin, these may no
longer be sufficient. The development of on-line sensors could
improve the situation by making additional information avail-
able in real-time. These would be complemented by the use
of a mathematical model to predict difficult-to-measure pro-
cess variables.

Polymer reactor model

The reactor system model can be configured as either sin-
gle (reactor 2 alone) or dual reactors in series. In practice,
both of these reactor configurations are used, depending on
the required resin characteristics. Each reactor is modeled
using a number of perfectly mixed “internal” continuous
stirred-tank reactors (CSTRs) in series (see Figure 2.). A fresh
feed stream is supplied to each reactor. The effluent from
the first reactor and the fresh feed to the second are com-
bined in a mixer before entering the second reactor. The
mixer is used because the mechanistic reactor model is con-
figured for only one feedstream.

Each CSTR in the reactor model consists of mass and heat
balances. For the component mass balances, the instanta-
neous density is assumed to be constant. For the energy bal-
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Figure 1. Polyethylene production process.
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Figure 2. Dual reactor system.

ance, density is assumed to vary according to a correlation
that is a function of temperature and pressure (Eq. 12). Given
the inaccuracies associated with the identification of rate pa-
rameters, as well as an imperfect knowledge of the reaction
mechanism, additional complexity was thought to be unjusti-
fied.

Component Balances.
sions are given by

The component balance expres-

d[ll]]q=qul[l!]]qfl_Fq[d/]q—’—Vqr[‘T’/]q (1)

V
T dt

where ¢ is the number of internal CSTRs (¢ =1, ...,Q, for
reactor 1 and ¢ = Q, +2,...,0, for reactor 2); V' is the vol-
ume of the CSTR (m?), F is the volumetric flow rate (m?/s);
and l’[l/!]q (kmol/m?s) represents the change in the concen-
tration of component [¢], in each CSTR due to the polymer-
ization reactions, and Table 1 lists the components consid-
ered in the model (where ¢ is replaced with the correspond-
ing component name). It can be seen from Table 1 that rather
than keeping a balance on the total catalyst concentration,
separate balances are maintained for potential, vacant, dead,
and occupied sites. Occupied sites are tracked using live ze-
roth-order moment balances. The zeroth live moments refer
to the concentration of live chains with a terminal monomer

Table 1. Components Considered in the Mechanistic Model

[l,[/]q (kmol/ m®) Component Name

[M, ]q Ethylene

[M,] , Comonomer

[H,], Hydrogen

[X ]q Poison

[S] Solvent

[PSq ]q Potential catalyst sites
[Po]q Vacant active catalyst sites
[C d]q Dead catalyst site

[pyl, (k= 1,...4)
[l (k= 1,...4)
(AL (k=1,...4)
(A1, (k= 1,....4)
Ml (k=1,...4)
(A1 (k=1,...4)

Zeroth live moment (ethylene)
Zeroth live moment (comonomer)
Zeroth bulk moment (ethylene)
Zeroth bulk moment (comonomer)
First bulk moment (ethylene)

First bulk moment (comonomer)
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type, M; (i =1,2). Bulk moments are used to maintain infor-
mation about the properties of live and dead (that is, those
not attached to catalyst sites) polymer chains. The zeroth bulk
moment refers to the concentration of polymer chains, while
the first bulk moment refers to the concentration of monomer,
M; (i=1,2), in the total population of chains.

Energy Balance. The energy-balance expression is given by

dT,
q
pq%Cpqyzpq—qu»l(Hq—l_Hq)+HR €

where T is the temperature of an internal CSTR (K); p
(kg/m?) is the density, C, (kJ/kg K) is the specific heat ca-
pacity; H is the enthalpy (kJ/kg) relative to a datum temper-
ature, and Hp (kJ/s) is the heat of reaction term where it is
assumed that the monomer addition reaction is the only reac-
tion that makes a significant contribution.

Kinetic Scheme. The kinetics used in the mechanistic
model are for a multiple-site Ziegler-Natta catalyst. The ki-
netic mechanism is listed in the Appendix, where P, or P, ,
refer to live polymer chains of length “r” ending in monomer
1 or 2, and all other terms are as defined in Table 1. Rate
constants for the mechanisms were fitted from laboratory-
scale reactor results where the reactor can be treated as an
ideal CSTR. The mechanisms listed in the Appendix were
deemed most appropriate for a solution polyolefins catalyst
based on the laboratory data. During the data fitting, the op-
timum number of catalyst-site types was also determined to
be four, based on deconvolution of measured MWD into Flory
fractions.

Molecular-Weight Distributions. The MWD is extremely
important because many polymer end-use properties are di-
rectly dependent upon the MWD. Consequently, an accurate
prediction of the distribution is a desirable objective. The
weight fraction of polymer of chain length » produced at site
type k in CSTR g, is described by a Flory or most probable
distribution, w(r,k), , given by

w(rk)g=7(k)gr*exp(—7(k)jr) 3)

where

T(k)q=m 4

andz DPN(k), is the overall number average degree of poly-
merization produced at site k in CSTR ¢ which is given by

(A1),

DPN(k), = o5

€))

where
(M), =Vr[ M), +Vr[a:], and
()\/6)11 = Vqr[)\gl]q + Vqr[)\gZ]q (6)

The weight fraction or chain-length distribution produced
in an ideally stirred reactor, w(r)q, is the weighted sum of the
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distributions for the individual catalyst sites

NST

w(r)g = kZ m(k)qw(r.k)q (N

=1

where m(k), is the weight fraction of polymer produced at
site type k in CSTR ¢, and Ny, are the number of catalyst
sites. As there are several ideally stirred reactors, an addi-
tional summation is necessary to obtain the overall chain-
length distribution of polymer produced. This is calculated as

0
w(r)= ZIM(Q)W(r)q ®)
P

where M(q) is the weight fraction of polymer made in each
reactor and Q = 0, — 1 is the total number of internal CSTRs
used by the model.

As the model is tracking the bulk moments of the MWD,
the overall chain-length distribution can be calculated by
summing up the contributions of the polymer produced at
each catalyst site in each CSTR. In order to compare the
predicted distributions to measured gel permeation chro-
matographs (GPC), the chain-length distribution in terms of
w(r) vs. r must be converted to a molecular-weight distribu-
tion in terms of dW(MW)/dlog,,(MW) vs.log,(MW).

The calculation of molecular-weight distributions is also
outlined in other references, such as Soares and Hamielec
(1995).

Mixer Model. To model the mixer system, mass- and en-
ergy-balance dynamics are ignored and it is assumed that
there is no significant heat of mixing. Referring to the nota-
tion, the expressions are

Fo ho, + Fprthyy = Fo 1%, +1 Vi )

pQ1FQ1HQ1 + pMFMHM = pQ1+1FQ1+1HQ1+1 (10)

where F,, is the flow rate of the fresh feed to the mixer (m%/s),
and H,, is the enthalpy of the fresh feedstream (kJ/kg) rela-
tive to the datum temperature. The energy balance expres-
sion, Eq. 10, must be solved iteratively to determine the mixer
operating temperature.

Numerical solution of the mechanistic model

The first reactor is modeled with one internal CSTR, while
the second uses two. The number of CSTRs chosen for each
reactor was based upon the known characteristics of the mix-
ing pattern in the vessel rather than varying the number of
CSTRs to minimize model prediction errors. The semi-im-
plicit Bulirsch-Stoer algorithm was used to solve the system
of differential equations (see Press et al., 1992 ).

The following correlations for density and enthalpy are
used

p=a,+a,P+ a;P?+ a,T + asT*> (12)
BT BT
H=g,+B,T+ 32 + 43 (13)
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where «; (i=1,...,5) and the B(i=1,..., 4) are constants,
P = pressure (kN/ m?), and T is temperature (K), and there
is a different correlation for each component.

Pressure is assumed to be at a constant value throughout
the operation. The kinetic and physical property constants in
the model have not been listed in order to protect commer-
cially sensitive information.

Fundamental model predictions

A comparison between the results obtained from the
mechanistic model and actual plant data revealed prediction
errors in temperatures and conversions. It was thought that
these errors were due to discrepancies in the plant heat and
mass balance. Since these errors could contribute to errors in
the MWD, every effort was made to improve the accuracy of
the plant data. However, the MWD predicted by the mecha-
nistic model was still not thought to be sufficiently accurate
to predict resin or end-use properties (results of the uncor-
rected model predictions will be presented later). Therefore,
a hybrid modeling strategy was considered.

Hybrid modeling strategy

As the MWD prediction error is multivariate, one ap-
proach is to use multivariate techniques such as partial least
squares (PLS) to correct the distributions. However, this ap-
proach was not followed, as the mechanistic model concisely
describes the states that affect the distribution. Adjusting the
parameters of the predicted distribution at each catalyst site
type can effectively modify the overall distribution. For in-
stance, it is possible to modify the predicted mass fraction of
polymer produced by each catalyst site, DPN for each site
(which is a function of both the zeroth and first bulk mo-
ments), or either the zeroth or first bulk moments. In this
work, adjustments were made using multipliers, as they are
independent of the magnitude of the variables being ad-
justed. It was anticipated that these multipliers could then be
predicted from plant data and used to improve the accuracy
of the mechanistic model. In this work feedforward artificial
neural networks were used for this purpose.

Figure 3 shows the hybrid model structure where FANN
models are used to adjust key descriptors (states) of the
mechanistic model. A multiple-input single-output FANN was
used to predict each correction factor. Plant data are fed to

Model outputs (states)

Plant Data Uncorrected descriptors
Mechanistic
model descriptor 3 ¢
descriptor 2 MWD M\—%D

descriptor 1 calculation

B FANN, Q0 ---rmmerreeemeeecd

Figure 3. Hybrid model structure (showing correction of
three descriptors using three separate FANN
models with plant data as inputs).
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the individual FANNSs to determine the multiplication factors
that modify certain descriptors. In the figure, three modified
descriptors are shown, but in the general case the number
may vary. The corrected descriptors are then fed to the MWD
calculations to provide a more precise MWD.

Modeling Results

Since it was not obvious which correction technique would
lead to the greatest improvement in the MWD prediction,
the following three strategies were considered:

e Adjusting the mass fraction of polymer produced at cer-
tain catalyst sites.

e Adjusting DPN value for certain sites.

e Adjusting first bulk moment of ethylene (A,;) concentra-
tions for certain sites.

The correction factors were obtained by minimizing the
squared error between the actual and the model MWDs for
each point in the data set. In order to improve the predic-
tions at the righthand tail of the MWD, an imaginary fifth
site was included where necessary. As this site does not have
moments, a DPN and mass fraction had to be assigned in
order to generate the MWD. Both of these values were ad-
justed when fitting the distributions. Because an uncon-
strained optimization algorithm was used, constraints had to
be hard-coded into the calculations to ensure, for example,
that A, values were always positive and that mass fractions
sum to unity. For the dual-reactor cases, each reactor was
given a separate set of correction factors so that the MWD
produced by each reactor could be determined indepen-
dently.

Single reactor cases

Multiple optimization runs were carried out to determine
the combination of catalyst sites and adjustment parameters
that gave the best improvement in MWD prediction. The re-
sults are shown in Table 2. The sites have been numbered
such that site one is producing the lowest molecular-weight
fraction and site four the highest. It should be noted that the
sum of the square errors (SSE) between the actual and pre-
dicted distributions is 62.0 when no correction factors are
used, and that there were 46 distributions available for fit-
ting.

Table 2. SSE Values Achieved Using Different Optimization

Strategies
Sites Adjusted Mass Fraction DPN Ay
1 36.05 25.57 19.284
2 32.50 31.78 31.992
3 33.34 42.09 42.200
4 34.33 48.81 41.044
1,2 17.06 24.48 15.147
1,3 22.68 14.27 13.480
1,4 8.065 22.08 10.584
2,3 6.068 13.03 12.627
2,4 10.25 26.25 18.645
3,4 7.962 24.43 22.186
1,2,3 4.222 11.89 10.050
1,2,4 4.217 19.66 7.739
1,3,4 4.217 4.878 5.560
23,4 4.740 3.116 3.078
1,2,3,4 4.217 2.343 2.015
1,2,3,4,5 3.651 0.970 1.2104
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Figure 4. MWD comparison when using 4 and 5 sites.

In each case, the lowest errors are achieved when all five
sites are included in the optimization. The lowest errors gen-
erally are obtained by adjusting the A,; values, although
modification of DPN is only slightly less effective. The mass-
fraction correction factors give the worst results of the three
strategies, therefore this strategy was not considered when
fitting the neural networks.

Figure 4 illustrates how the addition of the fifth site im-
proves the MWD fit at the righthand tail of the distribution
(the displayed fits were obtained by adjusting DPN values).
The decrease in SSE is small when the fifth site is added and
may not justify the extra FANN parameters that will be
needed to predict it. However, as discussed earlier, some re-
gions of the MWD may have a greater influence on the phys-
ical properties of the polymer than others. Further analysis
of the prediction of end-use properties from the MWD would
help determine whether the inclusion of a fifth site is truly
justified. Table 3 compares the prediction errors at the right-
hand tail of the distribution. It can be seen that there is a
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Table 3. Prediction Errors for log(MW) in the Range [5.5

Correction Factor Sites SSE
DPN 1,2,3,4 1.520
DPN 1,2,3,4,5 0.153
Ay 1,2,3,4 1.113
My 1,2,3,4,5 0.261

significant decrease in the errors when the fifth site is added.
So if this region is required for an accurate prediction of a
particular end-use property, the use of the fifth site may be
justified.

Neural network prediction of correction factors

The next stage involves the use of artificial neural net-
works to predict the correction factors from plant data.
FANNSs with a single hidden layer of hyperbolic tangent acti-
vation functions were used to generate the predictions (see
Figure 5). The main reason for choosing this network archi-
tecture is that it is one of the most commonly used ap-
proaches. However, there is no evidence to suggest that ra-
dial basis function networks, for example, would not provide
the same degree of accuracy. The network inputs were all
reactor inlet variables, including catalyst concentration, ethy-
lene concentration, comonomer to ethylene ratio, hydrogen
concentration, temperature, and total reactor feed flow.

The input—output data set was shuffled and split into train-
ing and validation sets. Twenty-five samples were used for
network training, and the remaining twenty-one for valida-
tion. Multiple runs were performed using networks with dif-
ferent numbers of hidden-layer neurons. Due to the rela-
tively small amount of data samples available, the networks

Input Layer

~—

Hidden layer(s)

/—A_\

Network Inputs
U, Uy..., U,

Node performing no
processing

Table 4. SSE Values Obtained Using Correction Factors Pre-

dicted by ANNs
Correction factor Sites Overall Training Validation
DPN 1,234 75144 3.4698 4.0446
DPN 1,23,45 6.6794 3.3167 3.3627
Ay 1,234  6.8359 2.8388 3.9971
Al 12345 6.0763 2.7790 3.2974

were restricted to two, three and four hidden-layer neurons
to keep the number of model parameters as low as possible.
Network training was performed using an enhanced back-
propagation algorithm. The “best” model was selected by
choosing the network with the lowest error on the validation
data set. The SSE values obtained using the correction fac-
tors predicted by the ANNs are summarized in Table 4. Note
that the addition of the fifth catalyst site means that there
are a total of six correction factors to be predicted, as there
are two adjustable parameters for the fifth site (DPN and
mass fraction).

Although the A,;; adjustment factors produce lower overall
errors than the equivalent DPN approach, the difference in
the errors on the validation data is very small.

Sample MWD Plots Using Network Predictions

The mean prediction error for the distributions in the vali-
dation set is 0.157 using A;, corrections and 0.160 using DPN
correction factors (adjusting all five sites). Figure 6 shows a
distribution with this level of prediction accuracy.

Figure 7 compares the worst MWD fits obtained using the
Ay, and DPN correction factors predicted using neural net-
works. The MWD predictions (from the validation data set)
with the lowest errors are shown in Figure 8.

Output layer

Network Output,
y

Summation node @ Activation function

Figure 5. Feedforward artificial neural network architecture.
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Figure 9 shows the distributions of the errors for the A
1,2,3,4,5 and DPN 1,2,3,4,5 corrected distributions compared
to the distribution of errors for the uncorrected distributions.

Figure 10 shows that both strategies improve the accuracy
of the predicted MWD. The A,;; correction strategy gives
slightly lower SSE values when compared to the adjustment
of DPN; however, the difference is not significant.

Dual reactor results

Because each reactor has its own adjustable parameters,
the number of possible combinations of correction factors is
much larger for the dual-reactor cases. Following the same
approach as in the single-reactor work, each reactor has ad-
justable parameters for four catalyst sites and an additional
imaginary fifth site. A selection of the optimization results
are shown in Table 5. Sites 1-5 refer to the sites in the first
reactor, and sites 6—10 refer to the five sites in reactor 2. As
reactor 2 is modeled using two internal CSTRs, the correc-
tion factors are applied to the sites in both CSTRs. Table 6
shows the errors obtained by adjusting the A;; and DPN val-
ues for all four sites in the second reactor, along with various
combinations of the four sites in the first reactor.

Although it is possible to optimize a greater number of site
parameters, the resulting increase in accuracy is small and is
balanced by the fact that additional sets of neural-network
predictions have to be developed. The errors associated with
the neural-network predictions of these additional correction
factors mean that the resulting distributions do not offer a
significant improvement over those generated using fewer
correction factors.

Table 7 shows how small improvements can be made by
adding an imaginary fifth site to the second reactor. How-
ever, the problem with adding a fifth site is that two extra
correction factors have to be estimated to yield a small im-
provement in accuracy. The additional neural-network
weights required to predict these correction factors means
that it is not necessarily better to use a fifth site.
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Because the process of developing neural network predic-
tions for the correction factors is extremely time-consuming,
only a limited number of approaches could be investigated in
detail. Preliminary studies indicated that the neural-network
predictions for the A;; correction factors resulted in more
accurate distributions than those based on the DPN correc-
tion factors. This is in agreement with the single-reactor work,
where the A, correction factors gave slightly better results.
This may be because adjusting the A;; values will also have
an impact on the mass-fraction calculations, whereas adjust-
ing the DPN has no impact on mass fractions.

Neural-network predictions were generated for the A
3,4,6,7,8,9 and Ay, 4,6,7,8,9 correction factors. It was thought
that these schemes provided the best trade-off between the

December 2003 Vol. 49, No. 12 3133



09

—Actual |
Mechanistic
07 — Gorrected

038

06

05

W(MW)

04
0.3
0.2 -

0.1

25 35 45 55 6.5
log(MW)

A 1,2,3,4,5 (error=0.038)

0.9

T
| —— Actual ‘
f Mechanistic|
0.7 - E ~— Corrected

0.8 -

06 -

0.5 1

WMW)

04 -

0.2 4

25 3.5 45 55 6.5
log(MW)

(DPN 1,2,3,4,5 ,error=0.023)
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errors.

accuracy of the fitted distributions and the number of
neural-network predictions that had to be generated. As with
the single-reactor work, 20 runs were performed for a num-
ber of different neural-network architectures in order to dis-
cover the most suitable model structure. Sixty data samples
were used for network training and a further 41 for valida-
tion purposes. Table 7 shows how the neural-network predic-
tions for the Ay; 4,6,7,8,9 correction factors resulted in the
most accurate predictions.

Examples of the A;; 4,6,7,8,9 corrected distributions are
shown in Figures 10, 11, and 12. The figures represent the
minimum, mean, and maximum prediction errors, respec-
tively.

Figure 13 compares the distribution of errors using the A,
4,6,7,8,9 and A, 3,4,6,7,8,9 correction schemes with that of
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Figure 9. Comparison of error distributions (validation
cases).

the uncorrected distributions. Although the A;; 4,6,7,8,9 pro-
duces the more accurate predictions on the training data,
there is little difference between the two techniques on the
validation data. It can be concluded that the additional cor-
rection factor in the A; 3,4,6,7,8,9 scheme has not led to a
significant improvement in performance.

Conclusions

In this contribution a hybrid model has been developed
that allows the simulation of either a single- or dual-reactor
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Figure 10. MWD (SSE = 0.03214).
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Table 5. Optimizations Without the Addition of a Fifth Site

Sites adjusted DPN A
6,7,8,9 7.236 6.389
1,6,7,8,9 6.626 6.116
2,6,7,8,9 7.098 6.131
3,6,7,8,9 6.640 5.656
4,6,7,8,9 4.014 4.327
1,2,6,7,8,9 6.483 5.808
1,3,6,7,8,9 6.076 5.359
1,4,6,7,8,9 3.465 4.014
2,3,6,7,8,9 6.548 5.363
2,4,6,7,8,9 3.830 4.060
3,4,6,7,8,9 2.153 2.637

Table 6. Optimizations Results with an Additional Fifth Site

Added to Reactor 2
Sites Adjusted DPN A
4,6,7,8,9,10 1.887 3.460
3,4,6,7,8,9,10 1.702 2.782

Table 7. Summary of Prediction Errors on Validation Data

(SSE)
Uncorrected 211,4,6,7,8,9 2413,4,6,7,8,9
Minimum 0.2023 0.0511 0.0705
Mean 1.3286 0.4137 0.5212
Maximum 5.1276 2.5287 3.0548

configuration of a solution polymerization process. An empir-
ical layer corrects the mechanistic model’s MWD prediction
by manipulating key descriptors (states or functions of states)
used to construct the MWD. An optimization algorithm was
used to adjust these parameters and minimize the error be-
tween the actual and predicted MWD. Feedforward artificial
neural networks were then used to predict the correction fac-
tors from plant data. It was shown for both single- and dual-
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Figure 11. MWD (SSE = 0.3107).
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Figure 12. MWD (SSE = 2.8065).

reactor simulations that the hybrid model produced more ac-
curate MWD predictions than was possible with the mecha-
nistic model alone.

The availability of more plant data would allow further in-
vestigation into alternative modeling strategies, which may
improve the accuracy of the empirical layer. Alternative
strategies could include using different combinations of site
adjustment factors for improving the MWD directly or indi-
rectly through improved predictions of other model states
such as reactor temperatures.
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Figure 13. Comparison of prediction errors (validation
cases).
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While good MWD predictions have been obtained using
off-line data and every effort has been made to minimize
plant—-model mismatch, on-line application may still require
improved prediction accuracy. With the availability of an ac-
curate hybrid model, state estimators/observers can be im-
plemented to correct for unmeasured plant disturbances.
Since the early 1970s there has been much work that has
studied the problem of state estimation in polymerization re-
actors, and recent articles include Sirohi and Choi (1996),
Crowley and Choi (1996), and Tatiraju et al. (1999).
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Notation

C, = concentration of dead catalyst sites, (kmol/m?)
C, = specific heat capacity, (kJ/kgK)
DPN = overall number average degree of polymerization
F= volumetric flow rate, (m%/s)
H = enthalpy, (kJ/kg)
H, = concentration of hydrogen, (kmol/m?)
Hp, = heat of reaction, (kJ/s)
k=number of catalyst sites
k, = rate constant for initiation reaction
K, = rate constant for chain propagation
K,=rate constant for chain transfer
K, = rate constant for deactivation
m = weight fraction of polymer produced by a particular cata-
lyst site
M = weight fraction of polymer produced in a reactor
M, = concentration of ethylene (kmol/m*)
M, = concentration of comonomer, (kmol/m?)
MW = molecular weight
Ngr=number of catalyst sites
P, = concentration of vacant active catalyst sites, (kmol/m?)
P, ;= polymer chains of length r ending in monomer i
PS = concentration of potential catalyst sites, (kmol/m>)
q = number of internal CSTRs
Q, = total number of internal CSTRs in reactor 1
O, = total number of internal CSTRs in reactor 2
r= polymer chain length
S = concentration of solvent, (kmol/m?)
t= time, (s)
T = temperature, (K)
V= volume of CSTR, (m?)
w(r,k)= weight fraction of polymer of chain length r produced at
site k
X = concentration of poison, (kmol/m?)

Greek Letters

a= parameters of density correlation
B= parameters of enthalpy correlation
Ay = concentration of the zeroth bulk moment of ethylene,
(kmol/m?s)
Ag, = concentration of the zeroth bulk moment of comonomer
(kmol/m?>s)
Ay = concentration of the first bulk moment of ethylene,
(kmol/m?>s)
Ay, = concentration of the first bulk moment of comonomer,
(kmol/m>s)

3136 December 2003

Mo, = concentration of the zeroth live moment of ethylene,
(kmol/m?s)
o = concentration of the zeroth live moment of comonomer,
(kmol/m?>s)
p= density, (kg/m3)
7=1/DPN
r[4]= the change in concentration of component ¢ due to reac-
tion, (kmol/m?>s)
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Appendix 1: Kinetic Scheme for Polyethylene
Model

Spontaneous site activation
Cp— Py (A1)

Initiation

K
Py+ M, i>P1’1 (Addition of ethylene to an active

vacant site) (A2)

Kla
Py+ M,— P, , (Addition of co-monomer to an active

vacant site) (A3)
Chain propagation

K
P+ M, AN + 1.1 (Addition of ethylene to a chain

ending in ethylene) (A4)
K 21
P, + M, —5P,, , (Addition of ethylene to a chain
ending in comonomer) (AS5)

r

Kp,
P+ M,—P,, ,(Addition of comonomer to a chain

ending in ethylene) (A6)

r

»
P,+ M, —5P, +1.2(Addition of comonomer to a chain

ending in comonomer) (A7)

Chain transfer

K 1 .

P+ M, —M>P1’1 + D,(Chain transfer to ethylene) (AS8)
LY 2 .

P,+M, —M>P1,1 + D,(Chain transfer to ethylene) (A9)

r

Ky 12 .
P+ M, —W>P] 2+ D,(Chain transfer to comonomer)
(A10)

Kim .
P, + M,—>P, , + D,(Chain transfer to co-monomer)

(A11)
KrHl
P ,+ H,——P; + D,(Chain transfer to hydrogen) (Al2)
K, 2 .
P,+H, —H>PO + D,(Chain transfer to hydrogen) (A13)
K, 1 .
P, —B>PO + D,[Spontaneous chain transfer
B-hydride] (A14)
K, 2 .
P, —B>P(, + D,[Spontaneous chain transfer]
( B-hydride) (A15)
Deactivation
Kpx, o .
P+ X——C, + D,(Deactivation by poison) (A16)
K
P,+X e + T D,(Deactivation by poison) (A17)
K
Py+ X BN +(Deactivation by poison) (A18)
Kp; 1
P, £>Cd + D,(Spontaneous deactivation) (A19)
Kose, . .
P, LCd + D,(Spontaneous deactivation) (A20)
K SP3
P, e +(Spontaneous deactivation) (A21)
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