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Summary: This work presents the implementation of a methodology for dynamic

data reconciliation and simultaneous estimation of quality and productivity

parameters in real time, using data from an industrial bulk Ziegler-Natta propylene

polymerization process. A phenomenological model of the real process, based on

mass and energy balances, was developed and implemented for interpretation of

actual plant data. The resulting nonlinear dynamic optimization problem was solved

using a sequential approach on a time window specifically tuned for the studied

process. Despite the essentially isothermal operation conditions, obtained results

show that inclusion of energy balance constraints allows for increase of information

redundancy and, as a consequence, for computation of better parameter estimates

than the ones obtained when the energy balance constraints are not considered

(Prata et al., 2005). Examples indicate that the proposed technique can be used very

effectively for monitoring of polymer quality and identification of process malfunc-

tions in real time even when laboratory analyses are scarce.

Keywords: modeling; nonlinear dynamic data reconciliation; on-line process monitoring;

parameter estimation; Ziegler-Natta polymerization

Introduction

Process measurements are normally taken

for implementation of process control pro-

cedures and evaluation of process perfor-

mance. With the advent of modern desktop

computers, hundreds or thousands of pro-

cessmeasurements are simultaneouslymea-

sured and stored in massive storage media

for the continuous monitoring of the pro-

cess behavior and for performing process

studies, such as the development of robust

process models and the online optimization

of the process operation. Therefore, mod-

ern industrial plants may provide very

detailed and rich data sets for development

of fundamental modeling studies. However,

as a result of random and possibly gross

errors (caused by instrument failure and/or

instrument miscalibration) process mea-

surements do not generally satisfy process

constraints (such as mass and energy

balances). Thus they need to be reconciled.

Data reconciliation may be defined as

the adjustment of process measurements

and parameters in order to satisfy a certain

set of constraints while minimizing some

sort of objective function that weighs the

deviations observed between corrected and

observed plant values. The estimation of

process model parameters from available

plant data is certainly in this context. First,

the mathematical model provides the

process constraints to be satisfied. Second,

model parameters (and process measure-

ments) have to be adjusted to minimize the

deviations observed between process mea-

surements and process constraints. For this

reason, available data have to be filtered to
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allow for removal of inconsistent data sets

from the process data used for model

building.

In chemical engineering, for steady-sate

process, Kuehn and Davidson (1961)[1]

presented the seminal paper describing

the data reconciliation problem, presenting

the general solution when all flows are

measured. The literature regarding data

reconciliation strategies is huge and good

reviews can be found in the literature.[2–5]

Important data reconciliation applica-

tions involve the so-called gross error

detection schemes.[6] These techniques

combine parameter estimation procedures

and statistical inferential criteria to allow

for identification of outliers among avail-

able process data. Gross error detection is

of fundamental importance for adequate

model building and interpretation, as poor

input data generally lead to very poor

model responses. The simplest gross error

detection tests compare nominal measure-

ment errors with observed model devia-

tions, assuming the normal distribution of

measurement errors around zero, and

remove (or correct) data points that do

not follow the normal assumption.

Although usual, the normality of the error

distribution is not needed for gross error

detection.[7]

Alternative approaches to gross error

detection involve the use of principal

component analysis,[8] cluster analysis,[9]

artificial neural networks[10] or robust

statistics.[11]

Traditional data reconciliation tech-

niques assume that the process is at

steady- state conditions and that process

constraints are linear.[3] Thus, for these

techniques to be applied it is necessary to

guarantee that process data are obtained at

steady-state conditions.[12] None of these

two assumptions are actually necessary for

data reconciliation to be carried out, as the

nonlinear,[13] dynamic[14] and both non-

linear/dynamic[15,16] nature of the model

constraints may be preserved. In these

cases, the reconciliation data problem is

formulated as a traditional parameter

estimation problem and is solved through

standard numerical procedures, such as

sequential quadratic procedures[17] and

quasi-Newton algorithms.[18]

As the data reconciliation problem may

be formulated as a traditional parameter

estimation procedure, it is not surprising to

observe that some authors suggest that both

process states and parameters be estimated

simultaneously.[15,19] This way, important

parameters that are difficult to measure

on-line (such as kinetic constants and heat

transfer coefficients) are obtained during

the data reconciliation process. This pro-

cedure also allows for more detailed

fundamental models, which depend on

unknown parameters, to be used as model

constraints during data reconciliation.

Data Reconciliation in Polymerization

Systems

Although data reconciliation procedures

are intended to be used at plant site, very

little is described in the open literature

about the use of data reconciliation proce-

dures in actual industrial applications.

Besides, the simultaneous reconciliation

of data sets and estimation of model

parameters using dynamic models has not

been widely reported,[20] especially with

real polymerization processes and plant

data.

It seems that the first study regarding the

estimation of model parameters and appli-

cation of data reconciliation procedures for

polymerization systems is presented by

Sirohi and Choi (1996).[21] In this paper,

the control of an olefin gas-phase fluidized

bed reactor is studied, based on a simple

process model. A numerical strategy based

on the extended Kalman filter and on a

nonlinear recursive estimation algorithm

was devised to allow for the online estima-

tion of three key kinetic parameters and for

improvement of the controller performance

during catalyst exchange operation. The

kinetic parameters were adjusted to fit the

catalyst activity, the polymer composition

and the weight average molecular weight of

the final polymer material. The application

was based on simulated data and the
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performance of the algorithm in actual

industrial examples was not shown.

Barbosa Jr. et al. (2000)[22] applied the

simultaneous solution approach, originally

developed by Liebman et al. (1992),[16] to

solve the problem of nonlinear dynamic

data reconciliation of free-radical bulk sty-

rene polymerizations performed in CSTRs.

Only simulated data were analyzed.

Kiparissides et al. (2002)[23] performed

the simultaneous state and parameter

estimation in order to allow for the online

optimization of industrial polymerization

reactions. Actual industrial data were not

presented.

Bindlish et al. (2003)[24] estimated two

kinetic parameters using industrial data

obtained from polymerization process from

13 data sets provided by Exxon. They

showed the confidence interval of the

estimation result, but model parameters

were not allowed to vary along the process

operation.

Vieira et al. (2003)[25] studied a poly-

merization process and developed a process

model based on real industrial data.Most of

the model parameters were obtained from

available published material, but some of

the unknown parameters were estimated

using simultaneous data reconciliation and

parameter estimation procedures. The

studied system comprised a sequence of

polymerization reactors, arranged in series

and/or parallel, depending on the particular

produced resin grade. The simultaneous

nonlinear dynamic data reconciliation and

parameter estimation problem was solved

with a standard Gauss-Newton estimation

procedure.[26] Nineteen process parameters

were estimated and analyzed off-line for

distinct data sets.

Arora and Biegler (2004)[20] applied the

nonlinear trust-region estimator in order to

estimate model parameters on line for a

polymerization reactor model. Only simu-

lated data were analyzed.

Prata et al. (2005)[27] applied simulta-

neous nonlinear dynamic data reconcilia-

tion and parameter estimation procedures

in order to monitor product quality and

process productivity in an industrial poly-

propylene process on-line. The studied

process was the propylene bulk polymer-

ization in a continuous stirred tank reactor

and process analysis was based on real plant

data. However, the model used as dynamic

constraint just considered mass balances.

In this work the dynamic nonlinear data

reconciliation, parameter estimation and

state estimation are performed simulta-

neously for a real polypropylene polymer-

ization process, using real industrial data.

Model parameters and states are assumed

to vary along time, in accordance with

actual plant experience. The previous

model described by Prata (2005)[27] and

Prata et al. (2005)[28] is improved through

incorporation of global energy balances. As

shown below, this may have a tremendous

effect on the overall performance of the

data reconciliation scheme.

Problem Formulation

A modified version of the estimation

technique proposed by Anderson et al.

(1978)[29] is used in this work.Measurement

errors are assumed to be small, non-

correlated and to occur at random. Besides,

it is assumed that measurement fluctuations

follow the normal distribution, with zero

mean and known variance. By using the

maximum likelihood principle, the asso-

ciated optimization problem can be defined

as:

min
ẑðtÞ

Xc
j¼0

½̂zðtjÞ � zj�TV�1½ ẑðtjÞ � zj� (1)

subject to

f d ẑðtÞ
dt ;̂zðtÞ

h i
¼ 0

h½̂zðtÞ� ¼ 0
g½̂zðtÞ� � 0

(2)

ẑðtÞ represents the vector of estimated

functions (reconciled measurements, para-

meters and non-measured variables), z(t)

represents the discrete measured values, V

is a diagonal matrix of measurement error

variances, f represents the dynamic con-

straints, h and g are equality and inequality

algebraic constraints, respectively. Vari-
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ables t0 and tc represent the initial and

current times, respectively.

Several strategies have been proposed to

solve such constrained nonlinear dynamic

programming problems.[30] In this work, a

sequential strategy is applied to a time

varying moving window. For practical

implementation on dynamic systems, it is

common to use a time varying moving

window (moving horizon) in order to

reduce the optimization problem to man-

ageable dimensions.[5] The window size is a

tuning parameter that is utilized to capture

the latest process behavior,[9] being useful

when process parameters can change with

operational conditions.

For every sample time, the differential

equation system and the resulting nonlinear

programming problem are solved sequen-

tially using the data measured over the

moving window, until convergence is

reached. The solver used here is a standard

software for the simultaneous data re-

conciliation and estimation of model

parameters, based on the Gauss-Newton

method.[26] Convergence is controlled as

proposed by Law and Bailey (1963).[31] The

system of differential equations is solved

numerically using DASSL.[32]

Process Description

The analyzed process consists of the bulk

polymerization of propylene in a single

CSTR (LIPP-SHAC Shell Technology),

with bleed and recycle streams, using

high-activity fourth generation Ziegler-

Natta catalyst (TiCl4/MgCl2þPEEBþ TEA)

toproducepolypropyleneinliquidpropylene

(liquidpoolorbulkreactor).[33]Thisprocessis

schematicallyrepresentedinFigure1.

Polymerization heat is removed by

condensation of boiling propylene. Mono-

mer feed rates are usually limited by

maximum solid hold-up in order to keep

Macromol. Symp. 2006, 243, 91–10394
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the suspension stable. The molecular

weight distribution, estimated from the

melt index (MI), is controlled by the

hydrogen feed stream. The operation

pressures are high - around 30 atm.

Important issues for this technology are

the control of solids hold-up, liquid propane

concentration, MI and XS. The XS repre-

sents the fraction of polymer material that

can be extracted by boiling xylene and the

increase of XS indicates poor control of the

degree of isotacticity of the polymer

material. As variations of liquid propane

concentration (Ca) may prejudice polymer

productivity and modify the quality of the

final resin, liquid bleed flow rates (mbleed)

must be manipulated to control the pro-

pane concentration in the liquid pool

around 10%. Two important kinetic para-

meters can be defined in this process: C

(kinetic constant for transfer to hydrogen,

which controls the MI) and Kp (kinetic

constant for homo-propagation). Both con-

stants are allowed to vary along the process

operation because of modification of the

levels of contaminants in the feed and

because of the modifications of the hydro-

gen partial pressure, which is used to

control the MI and affects the catalyst

performance. The characteristic time of this

process is around 1 h.

A rigorous dynamic model of this

process leads to a very large system of

algebraic and differential equations, which

renders the on-line data reconciliation

problem infeasible with current computer

and numerical technology. The following

simplified dynamic model has been devel-

oped to avoid this problem:

Mass Balances:

dPa

dt
¼ me � wa � Pa

Paþ Pe

� �
�mbleed (3)

dPe

dt
¼ me � ð1� waÞ � Rpol

� Pe

Paþ Pe

� �
�mbleed (4)

dPol

dt
¼ Rpol �mpol (5)

dCat

dt
¼ mCat � Cat

Pol

� �
�mpol �Kd � Cat

(6)

dTEA

dt
¼ mTEA � a � TEA

Peþ Pa

� �

�mbleed � ð1� aÞ � TEA

Pol

� �

�mpol (7)

dPEEB

dt
¼ mPEEB � PEEB

Pol

� �
�mpol (8)

dðXSÞ
dt

¼ Rpol

Pol

� XSR þKxs � TEA

PEEB
� 1

� �
�XS

� �
(9)

dN

dt
¼ Rpol

MI
n

�mpol

Mac
n

(10)

mpol ¼ mslurry � wpol (11)

mslurry ¼ mrec þmbleed

1� wpol
(12)

wpol ¼ Pol

M
(13)

M ¼ Peþ Paþ Pol (14)

Ca ¼ Pa

Paþ Pe
(15)

Rpol ¼ Kp � Cat � Pe
M

(16)

MI ¼ K0 � ðMac
w Þl (17)

MI
n ¼ PMPe

g þ C � ðPH2Þ
Pe

PaþPeð Þ
(18)

Mac
n ¼ Pol

N
(19)

Mac
w ¼ PD �Mac

n (20)

V ¼ Pa

raðTÞ
þ Pe

reðTÞ
þ Pol

rpolðTÞ

 !
(21)

Macromol. Symp. 2006, 243, 91–103 95

Copyright � 2006 WILEY-VCH Verlag GmbH & Co. KGaA, Weinheim www.ms-journal.de



Qe ¼ meA � leðTÞ þmeA � CpeðTÞ
� ðT � TeAÞ þmeB � leðTÞ
þmeB � CpeðTÞ � ðT � TeBÞ (24)

Two ¼ Qe þmw � CpwðTÞ � Twi

mw � CpwðTÞ (25)

All variables are defined in the Nomen-

clature. The studied problem involves 15

input variables (me,mcat,mTEA,mPEEB,mbleed,

mrec, meA, meB, mw, Tei, Terec, TeA, TeB, Twi,

PH2), 7 output variables (Ca, mpol, XS,MI, L,

T, Two), 8 initial conditions for each time

varying moving window (Pe0, Pa0, Cat0,

TEA0, N0, XS0, L0, T0) and 2 process

parameters (Kp and C). All unmeasured

variables (mslurry,M, Rpol,wpol,M
I
n,M

ac
n ,Mac

w ,

Qe) can be observed with the proposed

process model. Physical properties, such as

densities (ra, re, rpol), heat capacities (Cpa,

Cpe, Cppol, Cpw) and the heat of vaporization

(le) are assumed to be known functions of

reactor temperature. All parameter values

and operational conditions are presented

by Prata (2005) [27] and are not presented

here for lack of space. In order to guarantee

the observation of the cocatalyst concen-

trations, an additional algebraic equation is

used as

PEEB0

¼ ðPa0 þ Pe0 þ Pol0Þ �mPEEB

mslurry
(26)

Data Analysis

The industrial data were obtained from a

bulk propylene polymerization process

conducted in a CSTR, as described above.

During six months, six sets of actual

operation data were collected to allow for

characterization of the process behavior.

Each set was divided into two subsets. The

first subset comprised digital data recorded

automatically by the digital control system

of the plant and included flow rates,

temperature and pressure profiles and

liquid and gas compositions provided by

in-line chromatographs. The second subset

comprised data recorded in process data

sheets by process operators and included

mostly laboratory characterization data,

such as the melt index (MI) and the xylene

extractable material (XS) of the final resin.

A mathematical model was developed and

implemented in order to describe the

process operation, based on the detailed

mass balances of the chemical components

(monomer, catalyst, hydrogen, contami-

nants, co-catalysts, moments of the mole-

cular weight distribution) and the global

energy balance, as described previously.

The final properties of the polymer resin

were computed as functions of the

moments of the molecular weight distribu-

tion. The magnitudes of the measurement

errors (associated with the instrument) and

of the process noise levels (associated with

the operation) were evaluated for all

process signals based on the available data

at steady-state conditions It should be

noted that measured values for Ca, MI

and XS have shown small variances. The

necessary redundancy for the reconciliation

procedure was previously confirmed using a

variable classification technique.[34]

Figures 2 to 11 present results obtained

from one of the data sets, as recorded over a

time interval of 7 h (29 h to 36 h), with a

sample time of 5 minutes and a time

window of 2 h. With a time window of

2 h (25 points – sampled 5 min/5 min), there

are (15 independentþ 7 dependent)� 25¼
550 variables to optimize over the window.

Macromol. Symp. 2006, 243, 91–10396

VðLÞ ¼ 2:300 � 104 þ ½ðL� 16:5%Þ � 1:544 � 103� for L > 16:5%
9:088 � 104 � ½1:06 � 10�2 � Lþ 2:87 � 10�4 � L2� for L � 16:5%

�
(22)

Energy Balance (EB):

dT

dt
¼ me � CpeðTÞ � ðTei � TÞ þmrec � CpeðTÞ � ðTerec � TÞ þ ð�DHÞ � Rpol �Qe

ðPa � CpaðTÞ þ Pe � CpeðTÞ þ Pol � CppolðTÞÞ (23)
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Figures 2 and 3 show measured and

reconciled data for the propane concentra-

tion in the recycle stream and for the

produced polymer flowrate, respectively.

For propane concentration, reconciled data

with and without the energy balance (EB)

are compared. It can be seen that inclusion

of the energy balance leads to better results

as the reconciled values are closer to the

measured data, with less oscillation.

Figure 3 shows that polymer production

decreased along the analyzed time window.

In this particular case, the mass flowrates of

polymer production are subject to signifi-

cant levels of noise, because the rates of

polymer production are evaluated at the

storage tanks, and not at the outlet reactor

stream. Therefore, the reconciled values

probably represent the actual process

operation conditions much more accurately

than the available measured data, which

incorporate production lags and other types

of process fluctuations.

The decrease of polymer production is

clearly detected by the Kp parameter

(associated with the reaction rates), as

shown in Figure 4. Similar behavior can

be observed in Figure 5, which represents
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the estimation of the C parameter (asso-

ciated with the MI). It seems clear that the

performance of the catalyst system is

changing at the plant during the analyzed

time window. One should also observe that

the 95% confidence limits of the para-

metersKp andC are very small and uniform.

As the parameters change along the time at

plant site, model parameters should not be

used for prediction of future process

responses without careful analysis of the

process behavior and output trends.

Figures 6 and 7 show measured and

reconciled data for hydrogen pressure in

the reactor and for PEEB input flowrates,

respectively. In both cases very good

filtering of measured data can be observed.

It becomes very clear that the parameter Kp

depends on the hydrogen concentration

and on the PEEB input flowrate, as

significant decrease of the Kp estimates

can be observed after grade transition

(increase of PH2 and decrease of mPEEB).

This piece of information may be valuable

for optimization of the process operation,

as additional catalyst feed would be

required to keep the polymer production

constant.

Figures 8 and 9 show measured and

reconciled data for temperature in the

Macromol. Symp. 2006, 243, 91–10398
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reflux propylene stream from the top

condenser (A) and for the reactor tem-

perature. In both cases very good filtering

of measured data can be observed. The

reconciled values seem to represent the

actual process operation conditions much

more accurately than the available mea-

sured data, given the much lower noise

levels.

Finally, Figures 10 and 11 show the

reconciled values of two important mea-

sured properties of the final product,MI and

XS. Availability of reliable measurements

of such properties in real time may be very

important for the process operation and for

the process economics, as monitoring and

control of polymer quality becomes possi-

ble for variables that are usually measured

infrequently in the lab and only after

product sampling. In both cases these

values are compared with the ones obtained

when no energy balance is considered.

Again, inclusion of the energy balance

leads to better results.

It is very important to note that the

computational time required for the calcu-

lations of each window is about 40 s, a quite

small value, if compared to the sampling

time of 5 min. This clearly indicates that a

further increase on the number of esti-
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mated parameters, non-measured variables

and routines to deal with gross error

detection is undoubtedly possible in-line,

as desired. The computer used to perform

the computations presented here was a

standard Pentium 4 (3.0 GHz) with 1024

MB memory, which means that simulta-

neous data reconciliation and parameter

estimation in a real polypropylene poly-

merization possible is indeed possible in

standard desktop computers.

Conclusions

In this work, an estimation technique for

simultaneous on-line data reconciliation

and parameter estimation has been imple-

mented. An approach based on moving

time window was used, and the resulting

non-linear dynamic optimization problem

was solved by a sequential strategy. The

methodology was successfully applied to

reconcile several sets of industrial data as

well as to estimate non-measured para-

meters, like the ones associated to reaction

productivity. It should be noted that the

computational time required for the calcu-

lations on each sample period was a small

fraction of such period, allowing for the

on-line implementation of the algorithm.

Results indicated that an increase of

redundancy, using the energy balance

information, results in better reconciled

and estimated values.

Nomenclature

C: kinetic constant for

transfer to hydro-

gen

Ca: propane concentra-

tion

in the feed and

recycle streams

Cat: mass of catalyst in

the

reactor

Cpa, Cpe, Cppol, Cpw: heat capacities of

propane, propylene,

polymer and water

Kp: kinetic constant for

homo-propagation

Kd: catalyst deactivation

constant

K0, Kxs: parameter

L: reactor volume

M: total mass in the

reactor

mbleed, mrec: liquid bleed and

recycle flowrates

mcat, me, mPEEB, mTEA: input flowrates of

catalyst, propylene,

TEA and PEEB

Macromol. Symp. 2006, 243, 91–103 101

3.0

3.5

4.0

4.5

3635343332313029
Time [h]

X
S

Figure 11.

XS: Measured (*), reconciled (�), reconciled without EB (þ).
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meA, meB: reflux flowrates of

propylene from top

condensers

mpol, mslurry: output polymer

and slurry flowrates

mw: water flowrate of

top heat exchanger

MI
n, M

ac
n : instantaneous and

cumulative number

average molecular

weights

Ma
w: cumulative mass

average molecular

weight

MI: melt index of the

final resin

N: number of polymer

mols

Pa, Pe, PEEB, Pol: masses of propane,

propylene, PEEB

and polymer in the

reactor

PD: polydispersity

PH2: hydrogen pressure

in the reactor

PMPe: propylene molecu-

lar weight

Qe: heat exchanged in

the condenser

Rpol: rate of

polymerization

T: reactor temperature

TEA: mass of TEA in the

reactor

TeA, TeB: temperatures in

reflux flowrates of

propylene from top

condensers

Tei, Terec: temperatures in

input and recycle

streams of

propylene

Twi, Two: temperatures of

input and output

water streams

from top heat

exchanger

V: reactor volume

wa: propane concentra-

tion in the

recycle stream

wpol: polymer concentra-

tion in the slurry

stream

XS: xylene extractable

material of the final

resin

XSR: xylene extractable

material reference

value

a: TEA recycle factor

DH: heat of reaction

g: parameter

l: parameter

le: latent heat of

vaporization of

propylene

ra, re, rpol: densities of

propane, propylene

and polymer
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