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Abstract

This work presents a strategy for implementing advanced control in a real Linear Low-Density
PolyEthylene (LLDPE) production unit (“Sclairtech” technology) followed by a systematic evaluation
of economic benefits in accordance with best international practices. Melt Index (MI), density and
conversion were considered as controlled variables. The analysis considered two different situations
(with and without hydrogen as process input) and comprised groups/ families of polyethylene
(rotational molding, low-density injection, octene film and high-density injection). The proposed
control strategy is capable of efficiently addressing two of the main problems associated with
“Sclairtech” technology, namely, the generation of out-of-specification product during grade
transitions and wide specification ranges. The benefits analysis involved using real process data, a
statistical analysis of key variables to identify the dispersion and percentage of out-of-specification
products, and the calculation of the net present value of financial indicators capable of validating the
investment. An annual gain of US$ 791,812 was estimated, with US$ 494,883 coming from the
reduction in catalyst consumption and US$ 296,929 from other sources (reduction in out-of-
specification product and production losses associated with grade transitions).

Keywords: linear polyethylene; advanced control; commercial plant; economic benefit analysis

1. Introduction

The “Sclairtech” technology is notable for its complexity, wide range of Melt Index (MI) and
density of resins produced, and low reactor residence time, which requires quick adjustments to
reactor conditions. This technology typically operates with a broad product portfolio and a large
number of grade transitions, which implies additional challenges for product quality control when it
is carried out manually. The absence of automatic control techniques contributes to the increase in
the generation of out-of-specification products (off-spec) during grade transitions and the adoption
of wider specification ranges. This scenario has a direct effect on the global benchmarking of
technologies and resin applications in the market.

Model-based Predictive Control (MPC), more specifically in its non-linear version (NMPC), has
been the strategy adopted in almost all advanced control applications in the polyethylene industry
this century, considering different technologies and reactor types [Slurry with Continuous Stirred
Autoclave Reactor (Seki et al., 2001) or Continuous Stirred Tank Reactor (Fontes and Mendes, 2008;
Nogueira et al., 2020; Jiang et al., 2024); Gas phase with fluidized bed reactor (Hwang et al., 2002);
super high pressure with continuous tubular reactor (Jacob and Dhib, 2012; Skalén et al., 2016;
Muhammad et al., 2019)]. In general, the controlled variables comprise MI and temperature
(Muhammad et al., 2019) or MI and density (Seki et al., 2001; Nogueira et al., 2020), with the inclusion
or replacement of one of these by other process variables (production rate, Hwang et al., 2002; average
fraction of comonomer incorporated into the polymer, Fontes and Mendes, 2008). Internal model
structures adopted include Kalman Filter (Jacob and Dhib, 2012), state space (Muhammed et al., 2019)
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and phenomenological (Seki et al., 2001; Nogueira et al., 2020) approaches. Most of the works is related
to Low-Density Polyethylene (LDPE) production processes (e.g.: Zavala and Biegler, 2009; Quachio
et al., 2012) and control approaches have an academic feature, without a strong association with
details and aspects of the production process itself, which are mandatory in defining the strategy.

Despite the numerous studies involving the application of Economic Model Predictive Control
(EMPC) in various applications using economic criteria directly in the cost function (Bagla et al., 2020;
Ma et al., 2023; Obiri et al., 2023; Quintanilla et al., 2025; Zhang et al., 2025), few studies present an
economic feasibility analysis for the implementation of advanced control which considers gains and
costs associated with the reality of the process. In turn, these are focused on cost savings through the
implementation of advanced control in residential and commercial constructions including heating
and cooling systems (Wang et al., 2013; Huang et al., 2015; Ulpiania et al., 2017; Wang et al., 2023).
Bradford et al. (2019) apply an economic stochastic MPC in a virtual unit (benchmark process)
involving a semi-batch polymerization reactor for the production of polyol from propylene oxide
with the aim of reducing batch time.

This work presents a broad strategy for implementing advanced control in a real LLDPE
production unit (“Sclairtech” technology) whose general objectives consist of increasing the
production rate together with reducing variability in product quality (MI and density, including
grade transitions) and reduction in catalyst consumption. The following contributions are associated
with this work:

e  Proposition and validation of an advanced control strategy for a real polyethylene production
unit fully associated with the intrinsic features of the process and with innovative alternatives
tailored to these characteristics.

e A broad economic feasibility study for the implementation of advanced control, capable of
quantifying the potential gains in different types of resins associated with the reduction of out-
of-specification product (mainly in grade transitions), reduction in production losses associated
with transitions and reduction of catalyst consumption. Additionally, an assessment of costs
associated with the advanced control implementation project (labor, hiring specialized support
for implementation in the unit's operating system) was carried out in which estimates for the
Net Present Value (NPV), Internal Rate of Return (IRR) and Return On Investment (ROI) were
also obtained in order to prove the effective economic viability of this investment. The feasibility
study also presented a cash flow for a ten-year horizon with a 30% residual value of the initial
investment (US$310,984).

Besides this introductory Section 1, this work is structured as follows. Section 2 presents the
conceptual design of the control system, together with the description of the process and the main
controlled variables and presents also the process model used for control simulation tests and as an
internal MPC model. Section 3 presents the results obtained from closed-loop simulation tests,
Section 4 presents the economic feasibility study for the implementation of advanced control and
finally Section 5 presents the concluding remarks.

2. Conceptual Design of the Control System

The process here studied refers to one of Braskem's polymer units located in Camagari
Petrochemical Complex (Bahia, Brazil) and is based on “Sclairtech” technology (licensor NOVA
Chemicals, Canada). The process comprises 3 reactors, namely, one CSTR (“Reactor 1”) and two
tubular reactors (“Reactor 3” and “Trimmer”, respectively). The configuration used to operate the
process 97% of the time corresponds to the use of the autoclave reactor followed by the “Trimmer”.

A detailed description of the process (Figure 1) is presented by Silva et al. (2023) who proposed
an innovative approach (Gomes de Sa et al., 2022), based on Feedforward Neural Networks (FNN),
which comprised a weight initialization strategy combined with a constructive algorithm. The
authors applied this approach to obtain two virtual analyzers (density and Melt Index) for quality
monitoring of the final product in the same unit.
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Figure 1. Process flowchart (Silva ef al., 2023).

The LLDPE production process comprises the use of cyclohexane (CsHziz) as a solvent and an
alpha-olefin (butene-1 or octene-1) as a commoner. The “Trimmer” is a tubular reactor with a volume
45% smaller than “Reactor 1”7 and its main function is to increase the catalyst efficiency and the
conversion of ethylene. Each passing through the process results in a conversion of approximately
95% of ethylene to polyethylene. A catalyst deactivator is introduced at the exit of the reactor to
ensure the completion of the polymerization reaction (deactivation also aims to prepare the catalyst
residue for its adsorption on the alumina beds). After the adsorber vessels, the solution is sent to gas
separators in which unreacted cyclohexane, ethene and comonomer are separated from the polymer
in the Intermediate Pressure Separator (IPS) and then polymer and solvent are separated in the Low-
Pressure Separator (LPS). Each resin has a synthesis condition which establishes the process
conditions for the production of the respective grade and compliance with specification limits (MI
and density). The following general control objectives must be considered:

e Process safety;

¢ Increase in production rate;

®  Reduction of variability in product quality;

e Improved quality control;

¢  Optimizing the grade transitions;

e Reduction in catalyst consumption and other associated inputs as cocatalyst, alumina,
deactivators and silica.

2.1. Specific Control Objectives, Manipulated and Controlled Variables

The variables controlled to achieve the general control objectives comprise MI, density and
conversion. Due to the low residence time in the reactor, conversion is an important parameter for
the “Sclairtech” process. Conversion has a direct relationship with cost [generation of low molecular
weight polymer (wax) and catalyst consumption], MI and productivity. The conversion is controlled
through the temperature profile in the reactor which is, in turn, determined by the catalyst dosage
and/ or monomer concentration in the solution. In this work, conversion control is carried out
through the concentration of ethylene in the solution. Additionally, the temperature of the reactor
medium must be controlled at a reference value, depending on the resin synthesis condition
(temperature control in the middle of the reactor is fundamental for controlling MI, as it also
represents an indirect alternative for controlling the reaction conversion).

Table 1 presents the manipulated variables and the disturbances associated with each of the
controlled variables and the respective signs of static gains (direction of the effect of the increase in
each input, manipulated or disturbance, on the output, controlled variable), considering 2 classes/
families of resins: i) butene copolymer resins in which the hydrogen concentration is manipulated to

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0565.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 January 2026 d0i:10.20944/preprints202601.0565.v1

4 of 16

control the MI (rotational molding, low-density injection and high-density injection); and ii) resins
with low density (butene copolymers) and very low MI in which the hydrogen concentration is not
used to control the MI (butene film). The temperature of the Heater Treatment Catalytic (HTC) is
adopted in this work to fine-tune the MI. However, this temperature is limited to a range (210 to
260 °C) to avoid undesirable effects on the catalyst activity. Initially, the reactor side feed was also
defined as a manipulated variable. However, tests carried out at the unit showed a negligible effect
of this variable in both MI and density.

Table 1. Manipulated variables and disturbances (butene copolymer and butene film).

Input MI Density Conversion
Manipulated variables R1 R2 R1 R2 R1 R2

Hydrogen concentration +

Butene/ ethylene mass ratio — — — — — —

HTC temperature - - - - IS

Ethylene concentration + + - + + -
Disturbances R1 R3 R1 R3 R1 R3
Reactor inlet temperature + + + + - -
Reactor medium temperature + + — - + +

R1 (butene copolymer); R2 (Butene film).

In both polymer classes/ families (R1 and R2, Table 1) analyzed, the conversion was controlled
in the range [93% — 96%] as a soft constraint (penalty for conversion values outside this range in
the MPC objective function) and also imposing a hard constraint to avoid obtaining conversion values
below 92%. Both types of constraint (soft and hard) were also adopted for MI and density according
to the synthesis conditions of each resin. Similarly soft and hard constraints were adopted for the
manipulated variables (HTC temperature between 210 and 260 °C and butene/ ethylene ration
between 0 and 0.6), with the exception of the hydrogen concentration (butene copolymer) for which
a hard constraint was imposed to avoid concentrations above 40 ppm.

2.2. Process Model

The NMPC internal model (the same one used to represent the process in the simulation tests)
was obtained from the identification of the dynamics between each of the controlled variables (MI,
density and conversion) and the respective input variables (manipulated and unmanipulated/
disturbances). To identify dynamic models, a set of alternatives involving historical data, expert
knowledge and operational tests (when possible) were also carried out. Virtual analyzers (stationary
models based on neural networks) for MI and density were developed in a recent work (Silva et al.,
2023) involving the same process. These models were used for the following purposes: i) provide
real-time measurements of these variables in simulation tests; and ii) support the estimate of the static
gains of these outputs (MI and density) in relation to the inputs. The following assumptions were
considered to formulate the dynamic models:

e  The system pressure differential (difference between reactor pressure and system pressure) was
also considered as input in the MI model;

e  The dynamics of density and MI were assumed to be approximately the same with respect to all
input variables;

e  The effect of the Reaction Temperature Differential (RTD) on the MI was also considered. In the
operational test to identify this dynamic, RTD was changed by varying the ethylene
concentration;

e  The effects of the comonomer/ monomer mass ratio and the ethylene concentration in the
solution were both considered directly and indirectly through the dynamics of the RTD;
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e  The hourly resin production is obtained from the total flow of ethylene and comonomer
converted into polyethylene. This flow must have an increase limit in order to ensure stability
in the other regulatory control loops;

e As shown in Table 1, conversion control is carried out by controlling the concentration of
ethylene in the reaction. In turn, the reactor medium temperature was controlled through a
simple regulatory control loop to ensure the stability of the reaction since this variable has a
direct effect on the catalyst's performance;

e  Temperature control in the middle of the reactor is carried out through the concentration of
catalyst in the solution, using a triple cascade strategy involving, ultimately, the catalyst flow.
This strategy aims to mainly eliminate the interference of impurities (an unmeasured
disturbance variable).

Figure 2 presents the block diagram with the various cause-effect relationships that constitute
the global process model.
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Figure 2. Global process model.

The equations of the process model (also used as an internal NMPC model) together with the
values of the dynamic parameters (time constants and time delays) are presented in Appendix A.

3. NMPC Simulation and Results

The closed-loop simulation tests initially comprised grade transitions between resins from the
butene copolymer family (with hydrogen) and resins from the butene film family (without
hydrogen). In both cases, grade transitions essentially involve changes in MI and density setpoints.

In the butene copolymer family (Figure 3), the simulation was started with a rotational molding
resin (MI =5 g/10 min,density = 0.940) followed by increases in density (0.955) and MI
(10 g/10 min) at different times. The next stage comprised the transition to low-density injection
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resin (MI =35 g/10 min, density = 0.935) and a final elevation of the MI to 55 g/10 min, aiming
for a product for masterbach-type applications. The results demonstrate good controller
performance, capable of adjusting the manipulated variables in response to setpoint changes and
maintaining the quality variables at the desired values with satisfactory stability. The conversion
remained at 96% most of the time and when the MI was increased from 10 g/10min to
35 g/10 min, a reduction in its setpoint (96 to 94) was accomplished once the maximum ethene
concentration in the solution (23%) was reached. This scenario represents a common operational
condition in which adjusting the conversion setpoint is required to prevent controller saturation and
reduce wax formation, especially under conditions of high conversion and elevated ethylene

concentrations.
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Figure 3. Closed-loop simulation (butene copolymer resins).

In the production of resins from the butene film family (Figure 4), in which hydrogen is not used
as an input, the HTC temperature is adopted as manipulated variable to control the ML The density
remains controlled through the butene/ ethene mass ratio. This situation implies an operational
control challenge since the value of the MI gain in relation to this input (HTC temperature) depends
on the features of the catalytic system. The catalytic system of the analyzed unit allows this pairing
alternative (HTC temperature-MI) due to specific features: i) vanadium concentration; and ii) absence
of high-pressure diluent stream in the discharge of the catalyst pumps. The alternative of controlling
MI through the temperature of the reactor middle (directly related to the conversion) was not adopted
as it implies an increase in the variable cost, since this temperature is adjusted through the
concentration of catalyst in the solution.

The simulation started with a rotational molding resin used for film application (MI =
2 g/10 min,density = 0.931) . Then there was a transition to two film resins, (MI =
1 g/10 min,density = 0.922) and (MI = 0.7 g/10 min, density = 0.918 ). The results show that the
Ml is successfully controlled by the HTC temperature which varied across the entire possible range
(200 — 260) °C, highlighting the extreme operating conditions. It would be necessary to adjust other
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variables, such as the reactor inlet and outlet temperatures, if these limits were exceeded. In turn, the
controller gradually reduces the concentration of ethylene in the solution to maintain the conversion
at the desired value, a situation commonly observed in film resins.
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Figure 4. Closed-loop simulation (butene film resins).

Figure 5 shows the simulation of a regulatory problem involving a resin from the butene
copolymer family. This test consists of increasing the concentration of impurities in the process
considering the same sequence of setpoint changes presented in Figure 3 (the effect of impurities was
emulated through their effect on the reaction temperature differential, represented by an additive
perturbation in the inlet temperature). This disturbance results in a reduction of the reaction
temperature differential through a sharp increase of approximately 5 °C in inlet temperature, and
further reduction of temperature differential around time range (30 — 40) min due to other variable
interactions, which, in turn, causes a reduction of around 1.3% in conversion together with a
reduction of 0.8 g/10 min in MI and an increase of less than 0.0025 g/! in density (Figure 6). The
controller is capable of rejecting disturbances caused by an increase in the concentration of impurities.
There was an increase in hydrogen content to adjust the MI and in the ethylene concentration in order
to recover the conversion.
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Figure 6. Regulatory problem: (20 — 40) min time range (butene film resins) (impurity increase emulated and
represented by an increase in inlet temperature).
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Conversion control, even using an advanced strategy (NMPC), is a challenge due to the low
residence time in the reactor. In practice, sharp changes (in MI and density setpoints) are not
performed because they can generate control difficulties and even loss of the reaction profile
(production planning is done in such a way that the sequences of changes in the setpoints are
smoother than those simulated in this work). Therefore, since the control is efficient in sharp
transitions, it will have satisfactory performance in controlling smoother transitions. Furthermore, as
shown and discussed in the regulatory problem simulation, the control system also proved to be
efficient in rejecting disturbances and under more severe conditions than those that will be observed
in real operating conditions.

4. Economic Feasibility Study for the Implementation of Advanced Control

Unlike other technologies, the “Sclairtech” process can produce polyethylene in a very wide
range of MI and density, enabling the unit studied here to produce linear polyethylene in a variety
of families (rotomolding, octene film, butene film, low density injection, high density injection, raffia
and blowing). Furthermore, the residence time in the reactor is very short (about 60 seconds),
enabling grade transitions in a short period of time.

The wide MI and density ranges associated with the low residence time in the reactor guarantee
the LLDPE unit to have a low generation of out-of-specification product due to grid transition, in
relation to other technologies. However, as it is unique in Brazil, production schedule imposes a high
number of grade transitions each month to meet consumer market demands.

Product quality control is carried out by the unit's operators through their expert knowledge
and based on the results of the Quality Control Laboratory (QCL). This practice, together with the
dynamics of the portfolio (many grade transitions), suggests great potential for minimizing costs and
reducing deviations in the quality of the final product through the implementation of an MPC.

Each resin produced in the linear polyethylene plant is associated with an End Product
Specification (EPF). In turn, each specification comprises two types of ranges. The first (Specification
Range, SR, itself) corresponds to market demands. The second (Mixing Range, MR) is broader and
determines whether an out-of-spec batch can be mixed (effectively utilized) or rejected as off-spec.
The economic evaluation was carried out using indicators associated with the expected gains from
implementing advanced control: reduction of out-of-specification products, mainly in grade
transitions; reduction in the number of mixtures due to variations in density or grinding index;
reduction in production losses in grade transitions; and reduction in the consumption of catalysts
and associated inputs.

4.1. MI and Density Dispersion Analysis in the Current Process

MI and density analysis results (obtained from QCL) were collected, corresponding to one year
of unit operation, with the aim of evaluating the degree of dispersion of these properties under
current process conditions. The data refers to four resins, each one representing one of the following
families: octene film; low density injection; high-density injection; and rotational molding. These four
resins together represent around 50% of all annual production.

Figures 7-10 show the dispersion of MI and density values in the four resins analyzed together
with the average and percentage of results below and above the Lower and Upper Specification
Limits (LSL and USL, respectively, both related to the SR).

Regarding rotational molding (Figure 7), among the MI results outside the SR (23%), 21%
correspond to deviations from the USL (positive deviations). The higher frequency of positive
deviations is justified by problems in the application of this resin caused by negative deviations in
MI. Therefore, operators behave more conservatively, operating with an MI value above the target
(EPF). For all resins analyzed, the total product out of specification (SR) is equal to the sum of the MI
and density results out of specification, that is, it is assumed that the frequency of MI and density
results simultaneously out of specification is negligible. The results related to low density injection
(Figure 8) show that 18% of production was classified outside the SR (sent for mixing or segregated
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as off spec). The MI results show greater dispersion and a greater amount of data outside the
specification range (12.9% positive deviations and 1.5% negative deviations). The density results
show better efficiency in controlling this property which is due to the high concentration of butene
(comonomer) in the reaction. The octene film resin (Figure 9) presented the highest percentage of out-
of-specification product (29%) among the 4 families analyzed, with the largest density deviations
(16.3%). This is due to the difficulty in concentrating/ diluting the octene comonomer in the
“Sclairtech” process. Furthermore, there is a greater incidence of reaction variations in this family
due to the greater concentration of impurities in the hydrocarbon stream arising from distillation.
This, in turn, is due to the high distillation temperatures associated with the lower volatility of the
octene comonomer. Regarding high density injection (Figure 10, homopolymer), even without the
alternative of using comonomer, MI presented a higher frequency of results outside the SR. No
positive density deviations were obtained due to the limitation of the technology in producing resins
with values of this property above 0.962 g/cm?®.

Melt index: Statistical dispersion — Rotomoulding Density: Statistical dispersion — Rotomoulding
LSL  FPS  USL LSL FPS USL
Process data : Process data
LsL 34 Lst 0.9380
FPS 3.9 FPS 0.9390
usL 43 usL 0.9400
Mean 4.0 Mean 0.9390
Number of data 1006 Number of data 1006
Performance Performance
%<ISL 129 %<ISL  6.16
%>USL  21.57 %>USL  8.65
% Total 22.86 % Total 14.81

— = 0932 0934 0936 0938 0940 0942 0944 0946

Figure 7. Dispersion of MI and density results (rotational molding).

Melt index: Statistical dispersion - Low Density Injection Density: Statistical dispersion - Low Density Injection
LSL FPS USL LSL FPS  USL
Process data i i Process data !
LsL 25 LsL 0.9220
FPS 29 FPS 0.9240
usL 33 usL 0.9260
Mean 30 Mean 0.9245
Number of data 463 Number of data 463
Performance Performance
% < LSL 1.51 % < LSL 0.65
% > USL 12.96 % > USL 3.40
% Total 14.47 % Total 4.10
18 42 48 ? 09175 0.9200 09225 09250 09275 09300 09325

Figure 8. Dispersion of MI and density results (low density injection).
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Melt index: Statistical dispersion — Octene Film Density: Statistical dispersion — Octene Film

LsL FPS usL LsL FPS UsL

Process data Process data
0.80 LsL 0.9170
FPS 1.00 EPF 0.9190
usL 1.20 usL 0.9210
Mean 1.00 Mean 0.9192
Number of data 441 Number of data 441

Performance
% < LSL 5.44
%>USL  10.88
% Total 16.33

Performance
% < LSL 1.81
% > USL 1111
% Total 12,93

09150 09165 0.9180 09195 0.9210 0.9225

Figure 9. Dispersion of MI and density results (octene film).

Melt index: Statistical dispersion — High Density Injection Density: Statistical dispersion — High density Injection
LSL FPS USL LsL FPS UsL
Process data Process data i 1
6.4 : LSL 0.9580
FPS 73 FPS 0.9600
usL 8.2 usL 0.9620
Mean 7.5 Mean 0.9592
Number of data 429 Number of data 425
Performance Performance
% < LSL 6.29 % < LSL 7.06
% > USL 12.59 % > USL 0.00
% Total 18.88 % Total 7.06

09525 09540 09555 09570 09585 09600 0.9615

Figure 10. Dispersion of MI and density results (high density injection).

When a batch presents results outside the Specification Range (SR), the product must be
reworked. Rework is performed in one of the following alternatives: i) cold rework; and ii) hot
rework. The first one is carried out on batches that presented analysis results between the
specification limit and the mixing limit (Mixing Range, MR) and the product is cold mixed with
another batch capable of correcting the out-of-specification quality parameter. Hot rework is carried
out in an auxiliary extruder and is used for batches with greater variation in properties, outside of
market specifications, and the amount recovered is low (the amount of off-specification product to
be processed is about 1.5% of the mass of product specified). Rework is a direct consequence of the
variability/ dispersion of quality parameters (MI and density) both in normal operation and in grade
transitions. Both rework alternatives imply costs (silo occupation, segregation of the final product
and capital immobilization, and even reduction of the unit's load) which must be considered. The
estimated gain expected from the reduction in rework from the implementation of advanced control
was determined based on the unit's best monthly performance (lowest frequency of mixtures
performed) over two years. Based on data from the best month, a feasible reduction of 50% is
estimated in relation to cold rework. In turn, the reduction in the frequency of hot rework will be
proportional to the reduction in the generation of product outside of market specification (SR).

On average, six monthly transitions between resins from different families are performed,
resulting in out—of-speciﬁcation material. Each transition produces, on average, 35 tons of off-
specification products (around 280 tons per month), which is equivalent to 1.6% of the average
monthly production (18 thousand tons). Furthermore, at the beginning of the transition the unit's
load is reduced, which additionally generates a monthly loss of 250 tons of products (1.4% of monthly
production). Analogous to the estimated gain from reducing rework, the five best grade transitions
carried out in two years were identified as representative of what can be achieved after implementing
the planned control and automation strategies. The criteria for classifying a transition as optimal was
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the amount of off-specification product generated and the load reduction, according to the best
operator method. This method involves identifying the best transition executed by an operator based
on the unit's historical data. To do this, five years of production records were analyzed. Therefore, an
average reduction of 35 to 25 tons of out-of-specification product in grade transitions is estimated
(around 29%). The reduction in production losses resulting from load reductions was estimated at
25%.

4.2. Analysis of Economic Benefits

The expected gains from the implementation of advanced control at the unit are as follows:

e 50% reduction in process variability (Xu ef al., 2007);

e  50% reduction in the number of mixtures performed (cold rework) due to the reduction in the
generation of out-of-specification products due to variation in MI and density in normal
operation and in grade transitions;

e 29% reduction in the generation of out-of-specification products during grade transitions;

e 25% reduction in production losses associated with transitions and full silos;

e  Catalyst consumption is reduced by 10% by controlling the average reactor temperature, which
is achieved by adjusting the catalyst concentration in the reactor. This reduction was based on
the unit's historical performance and operational changes tested to optimize catalyst use.

The costs related to the implementation of advanced control are essentially associated with the
hiring of two engineers (process and automation, respectively) and the hiring of a specialized
company to code and connect the control algorithm with the unit's operational management system,
in addition to providing technical support. The cost associated with the engineers' working hour
(plus labor charges in accordance with current laws in Brazil) is equivalent to about US$ 3,200.
Adding to the cost of hiring a specialized company, it is estimated that the total cost of implementing
advanced control is US$ 310,984. Based on the expected gains, the estimated annual return with the
implementation of advanced control in the unit with “Sclairtech” technology is US$ 791,812, with
US$ 494,883 corresponding to the reduction in catalyst consumption and US$ 296,929 to other
gains.

The feasibility analysis considered a ten-year horizon and a residual value of 30% of the
investment (US$ 310,984), resulting in an annual net profit equal to US$ 500,425 (to which the
residual value in the last year is added) (Figure 11). Adopting a minimum attractiveness rate and
other parameters already used by the company, the financial evaluation obtained the following
results: i) Net Present Value (NPV) equal to US$ 2,223,993.63; ii) Internal Rate of Return (IRR) equal
to 161%; and iii) Return On Investment (ROI) equal to 1.60.

CASH FLOW

NET CASH FLOW (R$)

MONTH
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Figure 11. Cash flow — economic feasibility analysis.

In addition to the estimated financial gains, the significant reduction in the dispersion
(variability) of MI and density is important for the company's market share. Although there is no
capacity to increase production at the unit, this aspect is important to preserve the market.

5. Conclusions

This work presents a broad economic feasibility analysis for the implementation of advanced
control in a real linear polyethylene production unit, which considers costs associated with
investment (hiring specialized services, among others) and expected gains (reduction in catalyst
consumption, reduction of variability in product quality) fully based on the operational reality of the
process. Thus, considering the scarcity of data and information in the open literature, this work
provides a clear and consistent perspective of real gains arising from the implementation of an
advanced control strategy in a real polymerization unit.

The financial feasibility study of implementing advanced control in a linear polyethylene plant
based on “Sclairtech” technology demonstrated that the project is viable (NPV, IRR and ROI equal to
US$ 2,223,993.63, 161% and 1.60, respectively).

Although model-based predictive control is a strategy that has been consolidated for decades,
the configuration adopted in this work (selection of manipulated variables, which variables to
effectively control, internal model of the controller) was defined based on the restrictions/ limitations
of the process, the operational history of production of the various resins (including grade
transitions), and the production planning, requirements and marketing perspectives for the portfolio
of resins produced at the unit. Furthermore, the closed-loop simulation results demonstrated a clear
improvement in the unit's operation control, which was mainly seen in the potential for reducing out-
of-specification product in grade transitions and also in coping with regulatory problems.
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Appendix A. Model Equations and Parameters

This Appendix A presents the equations of the process model (also used as an internal NMPC
model) together with the values of their coefficients (Table Al) and dynamic parameters (time
constants and time delays, Table A2).

Model equations:

' dCMp(t)

T g+ CMp () = CM(t — tycm) (A1)
Ty dHZ'—Lt’(t) + Hyp () = Hy(t — tams) (A2)

Tat -dE;—Dt(t) + Etp(t) = Et(t — typ) (A3)
Tyre - dHTd—iD(t) + HTCp(t) = HTC(t — taurc) (A4)
Ty - dDZ—l;(t) + DTy (t) = DT(t — typr) (A5)
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p(t) = apcm1 - CMp () + ap ez - CMp ()2 + ap ez - CMp(£)*+ap 21 - Hop(£)+a, pra

DTp(D+ay, (A6)
MI,(t) = explamm,cma - CMp () + Aminpz - Hop () + Quinpizz - Hzp(0)? + Guineea (A7)
“Etp(t) + aymurca - HTC(t) + aympra - DTp () + Gprno)
MI(t) = exp[aMIl,CM,l «CMp(t) + app e - Etp(t) + aypures - HTCp(t) + ampure2 (A8)
“HTCp(6)* + amppra - DTp(t) + ayppra - DTp(0)* + aMIl,O]
T,(t) = arocmy - CMp(t) + aropeq - Etp(t) + arop (A9)
DT(t) =T,(t) — T;(t) (A10)
DT(t)
t) =100 - —0.06-CM(t All
e {[16.15 ~0.0095 - DT(O)] - (D) ( )} (ALD)
Nomenclature
CM Comonomer mass ratio (butene/ ethene or octene/ ethene) in the reactor feed
DT Reaction temperature differential
H, Hydrogen concentration in the solution
Et Mass concentration of ethene in the solution
HTC Temperature of the Heater Treatment Catalytic
T; Inlet temperature
T, Outlet temperature
Q Conversion
T Time constant (Table A2)
ta Time delay (dead time) (Table A2)
a Dependence coefficients between output variables and input variables (Table Al)
Subscripts
h High MI
l Low MI
Table A1l. Coefficients.
Density (r) Melt Index (MI) Outlet temperature (To)
Value u.m. Valuer Value: u.m. Value u.m.
ml 9_ 0
acmi  -1.4978:101 L 2.550-100 2.80-100 w -2.0563-100 —C
9gCM/gEt gCM/gEt gCM/gEt
g 0
. g/m12 n (15%) ¢ i
acmz2  3.0060-10 (gCM) 0 0 gCM 2 0 (gCM)
gEt gEt gEt
g 0
| In (10'70) _c
acms  -2.3740-10 (gCM) 0 0 gCcM 3 0 (gCM)
gEt gEt gEt
ml 9_ 0
e 81190105 9™ 95004100 L S ) ¢
ppm ppm ppm
ml In (L~ oc
am 0 9/ 6900104 0 n(omm)
ppm ppm? ppm?
! —9 0
- 0 _9/m_ g e010e oss10e M(omm) ssesor0  —C
Y%massa %massa Y%massa
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ml 1 g_
anrc 0 g {, c 2518102 -3.35-102 M 0 dimensionless
C
g/ml In 9_ _
antc: 0 Tz 0 1.50-10° il o) 0 (°c)™
(") (°c)’
ml 1 g_
aot:  1.4900-10+ g {] - 3.740-102  3.30-102 n(lg mm) 0 dimensionless
C
g
g/ml In (10 min) 0 ( oC)—l

apr,2 0 0 -2.50-10-6

a0 9.1800-1001  g/ml  -5.300-10°  -3.20-100 1n( m) 1.1849-102 oc

u.m.: units of measurement.

Table A2. Dynamic parameters (time constants and time delays) (min).

CM H> Et HTC DT
t 20.2 10.2 13.5 27.0 17.0
ta 1.0 1.0 5.0 10.0 5.0
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