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ABSTRACT

Polyolefins are one of the most widely used commodity polymers with applications in
films, packaging and automotive industry. The modeling of polymerization processes
producing polyolefins, including higtlensity polyethylene (BIPE), polypropylene (PP),
and linear lowdensity polyethylene (LLDPE) using ZiegiBiatta catalysts with multiple
active sites, is a complex and challenging task. In our study, we integrate process modeling
and data analytics for improving and optimizirgywlefin manufacturing processes.

Most of the current literature on polyolefin modeling does not consider all of the
commercially important production targets when quantifying the relevant polymerization
reactions and their kinetic parameters basedneasurable plant data. We develop an
effective methodology to estimate kinetic parameters that have the most significant impacts
on specific production targets, and to develop the kinetics using all commercially important
production targets validated aviedustrial polyolefin processes. We showcase the utility
of dynamic models for efficient grade transition in polyolefin processes. We also use the
dynamic models for inferential control of polymer processes. Thus, we showcase the
methodology for makingrist-principle polyolefin process models which are scientifically
consistent, but tend to be less accurate due to many modeling assumptions in a complex
system.

Data analytics and machine learning (ML) have been applied in the chemical process
industy for accurate predictions for ddt@sed soft sensors and process
monitoring/control. Specifically, for polymer processes, they are very useful since the
polymer quality measurements like polymer melt index, molecular weight etc. are usually
less frequentompared to the continuous process variable measurenféatshowcase
the use of predictive machine learning models like neural networks for predicting polymer
guality indicators and demonstrate the utility of causal models like partial least squares to
study the causal effect of the process parameters on the polymer quality vaiébles.
models produce accurate results can -ditethe data and also produce scientifically
inconsistent results beyond the operating data range. Thus, it is growingly inhportan
develop hybrid models combining ddiased ML models and firgtrinciple models.

We present a broad perspective of hybrid process modeling and optimization combining
the scientific knowledge and data analytics in bioprocessing and chemicadenmggrwith
a sciencgguided machine learning (SGML) approach and not just the direct combinations
of first-principle and ML modelsWe present a detailed review of scientific literature
relating to the hybrid SGML approach, and propose a systematicficktssn of hybrid
SGML models according to their methodology and objective. We identify the themes and
methodologies which have not been explored much in chemical engineering applications,
like the use of scientific knowledge to help improve the ML maehitecture and
learning process for more scientifically consistent solutions. We apply these hybrid SGML
techniques to industrial polyolefin processes such as inverse modeling, science guided loss
and many others which have not been applied previouslydio polymer applications.
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GENERAL AUDIENCE ABSTRACT

Almost everything we see around us from furniture, electronics to botiess,atc. are
made fully or partially from plastic polymers. The two most popular polymers which
comprise almost twiahirds of polymer production globally are polyethylene (PE) and
polypropylene (PP), collectively known as polyolefins. Hence, the optiimizaof
polyolefin manufacturing processes with the aid of simulation models is critical and
profitable for chemical industry. Modeling of a chemical/polymer process is helpful for
processscale up, product quality estimation/monitoring and new processagenent. For
making a good simulation model, we need to validate the predictions with actual industrial
data

Polyolefin process has complex reaction kinetics with multiple parameters that need to
be estimated to accurately match the industrial peocétée have developed a novel
strategy for estimating the kinetics for the model, including the reaction chemistry and the
polymer quality information validating with industrial process. Thus, we have developed a
sciencebased model which includes the kneddie of reaction kinetics, thermodynamics,
heat and mass balance for the polyolefin process. The sédased model is scientifically
consistent, but may not be very accurate due to many model assumptions. Therefore, for
applications requiring very highceuracy predicting any polymer quality targstsh as
melt index (M), density, dathased techniques might be more appropriate.

Recently, we may have heard a lot about artificial intelligence (Al) and machine learning
(ML) the basic principle behinthese methods is to making the model learn from data for
prediction. The process data that are measured in a chemical/polymer plant can be utilized
for data analysis. We can build ML models to predict polymer targets like Ml as a function
of the input proess variables. The ML model predictions are very accurate in the process
operating range of the dataset on which the model is learned, but outside the prediction
range, they may tend to give scientifically inconsistent results. Thus, there is a need to
combine the datdbased models and scientific models.

In our research, we showcase novel approaches to integrate the -baisedanodels
and the datdased ML methodology which we term as the hybrid scigueged machine
learning methods (SGML). The hyty SGML methods applied to polyolefin processes
yield not only accurate, but scientifically consistent predictions which can be used for
polyolefin process optimization for applications like process development and quality
monitoring.
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Original Contribution

1. First-Principle Steady-State and Dynamic Model of PolyolefinProcesses
1 We demonstrate general and effective methodology for estimating kinetic

parameters for Zieglddatta polymerization for commercial processes
producing polyolefins, such as HDPE, PP and LLPDE

Use all commera@lly important production targets for prediction to
simultaneously estimate multiple reaction rate constants for Zidda
kinetics to match several data sets of production targets which differentiates
from the previous sequential estimation appraadheliterature

Our methodology also greatly simplifies the kinetic parameter estimation for
the multisite model, in that we only need to regsedecteinetic parameters

for the multisite model

Showcase the application of dynamic polyolefin mogetsmulating plant data
andillustrate the advantages and limitations of fpahciple polyolefin process
models

2. Application of Machine Learning and Multivariate Statistics for
Polymer/Polyolefin Process Data Analytics

T

Improve Melt Index prediction othe industrial HDPE process than the
literature

Comparison of casual multivariate statistical models @redictive machine
learning models foguality prediction inndustrial polyolefin processes
Showcase the application of sesuipervised learningnachine learning
methods like selfraining and generating models to improve prediction for
industrial polyolefin processes

Application of data analytics and anomaly detection for extrusion process
monitoring in industrial textile manufacturing process

Showcase the advantages and limitations of application of machine learning in
polymer/polyolefin process data analytics by pointing out the scientific
inconsistency of predictions beyond operating range

3. Hybrid ScienceGuided Machine Learning Approach for Modeling and
Optimizing Chemical and PolymerProcesses
1 Presentation of a broader hybrid SGML methodology of integrating secience

guided and datbased models, and not just the direct combinations of first
principle and ML models

Classification of the hyld model applications according to their
methodology and objectives, instead of their areas of applications

vii



)l

Identification of the themes and methodologies which have not been explored
much in chemical engineering applications, like the use of scientific
knowledge to help improve the ML model architecture and learning process
for more scientifically consistent solutions

[llustrations of the use of these hybrid SGML methodologies applied to
industrial polymer processes, such as inverse modeling, and sgieideel

loss which have not been applied previously in such applications
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Outline of the thesis

The contents of this dissertation are as follo@sapter 1 covers the introduction and
motivation for the researciChapter 2 deals with firgirinciple steadystate modeling of
polyolefin processes mainly using Ziegler Natta as catdlyshis chapterwe present an
effective methodology for estimating the kinetic parameters based on plant data in the
development o§imulation and optimization models for commercial polyolefin processes
using efficient software toals

Chapter 3 is about firgirinciple of dynamic modeling of polyolefin processksthis
chapter we have showcased the use of dynamic models ardeaff grade transition
strategies for polyolefin process&¥e also showcase the use of first principle dynamic
models to produce steady state results for predicting polymer quality and state their
advantages and disadvantages for polymer quality prexaiscti

Chapter 4 deals with thegoplication of machine learning and multivariate statistics for
polymer process data analytitis this chapterwe showcase the use of predictive Machine
Learning models like Neural Networks, ensemble based regresspredasting polymer
guality indicators. We also demonstrate the utility of causal models like partial least
squares to study the causal effect of the process parameters on the polymer quality
variables. We make use of anomaly detection methods as welentify the process
outliers and also the reasons for their outlier behavior.

Chapter 5 reviews thieybrid scienceguided machine learning approach for modeling
and optimizing chemical processefhe objective of this paper is to present a
comprehensie review and exposition of scientific and engineering literature relating to the
hybrid SGML approach, and propose a systematic classification of hybrid SGML models
focusing on both sciences complementing ML models, and ML complementing science
based mods. Chapter 6 deals with the applications of the Hybrid SGML techniques for
polymer process improvement by showcasing case studies of industrial polyolefin
processesChapter7 summarizes the conclusion of the research and future research
directions.Apperdix A consists of the steady state model detzil¢éered in Chapter 2.
Appendix B have more details of dynamic process control details covered in Chapter 3.
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Chapter 1: Introduction and Motivation

This dissertation covers the O0lntegrated

Pol yolefin Process Optimization6. We introdu

below.

Polyolefins are one of the most widely used commodity polymers wghcapons in
films, packaging and automotive industry. The modeling of polymerization processes
producing polyolefins, including higtiensity polyethylene (HDPE), polypropylene (PP),
and linear lowdensity polyethylene (LLDPE) using ZiegiBiatta catalys is a complex
and challenging tasiieglerNatta (ZN) catalyst is one of the most widely used catalysts
for manufacturing commercigbolyolefins Polyethylene and polypropylene are two
commodity polymers of the highest demands. Polyolefins have a vpiplecation
requiring different properties with different molecular weight distribution and branching
distribution. TheZN polymerization follows the coordination mechanismd produces
polymers with different structure/branchitiganthe polymers formed fym free radical
polymerization mechanism used for producing ligéssure LDPE. Thus, catalyst design
plays an important role in polyolefin processes. Different process types with different
reactors and phases is another variable to modify polyolefin piegpeThe process for

producing polyolefins can be in three phases, including solution, slurry and gas phase.

Autoclaves/CSTR, loop reactorduitlized bed reactors (FBR) are some of the main
reactors used for polyolefin processes for different phase®xample, the loop reactors
are used for slurrphase process and FBR are used forplese process. The book by
Soares and Mckenrtacovers different polyolefin processes in detail.

The modeling of the ZN kinetics is complex because of the muéigilee catalyst sites
in the ZN catalyst. The most common type of ZN catalyst is titanium tetrachloride TiCl
supported on MgGlor SiG: which is heterogeneous in nature. ZN catalysts give high
activity and productivity. Multiple active sites of the ZN algst enable the production of
polymers with broad molecular weight distributions, and allow good polymer
microstructural controlKhare et. al.?® first showcased the steadtate and dynamic
modeling and kinetic parameter estimation of polyolefin preeefnd since then there
have been hundreds of articles after that on the tBpich article has its merits, but most
of them do not consider all of the commercially important production targets when
guantifying the relevant polymerization reactions dmeirtkinetic parameters based on
measurable plant datdost of the published articles also do not make efficient use of
simulation tools, particularly sensitivity analysis, design specifications, and data fit, that
are available in commercial modeling tsadre for polymerization processes, such as
Aspen PolymersThus, there is a need to develop a general methodology to model complex
polyolefin models by estimating their kinetic parameters from limited plant data.

Dynamic model®f polyolefin processeare useful in maximizing the safety, operability
and productivity of plantdVlost polyolefin processes have a wide range of polymer grades



with many applications. Thus, efficient grade transition is an important consideration for
optimization of polymeprocesses to improve process economics. Polyolefin processes can
be used for different applications by changing their physical properties like melt index and
density. These physical properties are varied by changing the process operating conditions
hence gade transition is critical as we change process conditions to make a new polymer
grade In one of the early applications of dynamic modeling of polyolefin processes. In one
of the first application®ebling et. al? presentedjrade transition strategiésr polyolefin
processes and compared that for different polyolefin processes in terms of-$peoff
products produced during grade transition

Dynamic process models are useful for simulating digital twins to simulate the whole
polymer procesdn polymer processes, it is difficult to measure certain product quality
targets. In such cases, we measure some secondary process outputs in order to correlate the
product quality with primary outputs foquality control, this approach is known as
inferentialcontrol, which is yet another application of dynamic modeldgawa et. al®
use inferential control for quality control of a HDPE process in one of the earliest
applications to polymer process&ynamic can also be useful in generating simulation
datafor further data analysis. Thus, there is a need to builddinstiple dynamic models
of complex polymer/polyolefin processes in addition to the stetatg models. First
principle models are scientifically consistent, but tend to be less accurate chany
modeling assumptions in a complex system, thus for applications requiring higher accuracy
process data analytics becomes more useful.

With the advancements in machine learning over the years, its application for chemical
process data analytitsave been known to be particularly useful and profitable for the
industry. Data analytics is also instrumental in detection of process anorBalj@sning
in late 1980 to early 1990, chemical engineers have been paying greater attention to
artificial intelligence, neural computing, machine learning and big data analytics, and their
applications to bioprocessing and chemical indusffes In particular, McGregor and
others have demonstrated the significant applications of multivariate statisticaisaaly
big data analytics to optimizing the manufacturingloémical and polymer processe$
. Some of the main applications of process data analytics have beemeansionality
reduction, outlier detection, process monitoring and data visualiZation

Generally, process data consists of the independent variable which are the process input
variables and operating conditions like feed flows, temperature, pressure etc. and the
dependent variable are the process outputs and product quality me=agsrdike
concentrations, molecular weights, density etc. For most common machine learning
applications like process monitoring control, soft sensors, weegsessiormodels to fit
an empirical model for any of process outputs/product quality as adaraftthe process
inputs. We can also just use the process data to find patterns for fault diagnosis and anomaly
detectionSpecifically, polymer process data analytics is critical since the polymer quality
measurements like polymer melt index, moleculaight etc. are usually less frequent



compared to the continuous process variable measurements, hence, the usbasfediata
sensors become useful.

Modeling of many physiochemical systems requires detailed scientific knowledge of the
system which is natlways feasible for complex processes. We make some assumptions
when modeling the system with first principles that ultimately leads to some knowledge
gaps in describing the original system. Even for the systems where the scientific knowledge
is sufficiert to model the system, there are too many model parameters to estimate. We
often apply datdbased models to study the systems where scientific data are available since
they are more accurate in prediction. However, -tated/machine learning models are
black-box models which can owit the data and also produce scientifically inconsistent
results. For better accuracy, ML models also require more data which is not always feasible
for many problems. Therefore, it is important to integrate scibased kowledge and
databased knowledge for an accurate and scientifically consistent predictioa form
of hybrid models

Among the earliest applicationef hybrid modeling in chemical/bio processes
Psichogios and Ungtrcombine a partiafirst-principle model based on prior process
knowledge with a neural netwottd a fedbatch bioreactdior more accurate extrapolations
and scientifically consistent predictions. Hybrid modeling has been apphed
bioprocesses, chemical and oil and gaxess industries and polymer processelustry
for more accurate and scientifically consistent predictaves the year$®!314 The main
applications of hybrid modeling in chemical processekidesprocess control, design of
experiments, process ddepment and scalgp, process design and optimizatiSnMost
of the literature in chemical engineering application in hybrid modeling deals ditbch
combination of firstprinciple and ML models

In a recent articl&Karpatne et. al*® suggesthe theoryguided data science as a new
paradigm for scientific discovery from datdhere they give a broader perspective of a
hybrid science guided machine learning (SGMlmhethodologywhere they showcase
different applications showcasesmplementing ML mdels, and ML complementing
sciencebased modelsomplements. This SGML approach has been applied in pHysics
and other scientific fields but not in chemical process data analysis. Thus, there is a need
for a broader application of scientific principl@s machine learning and industrial
chemical processes. In particular, polymer processes requiring accurate and scientifically
consistent dathased sensors for quality target predictions, but there are not many studies
showcasing a hybrid modeling apprbat¢ience, there is utility in applying this hybrid
SGML approach by integrating the polyolefin process models and Data Analytics for
polyolefin process improvement and optimization.
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2.1. Introduction

Polyolefins are one of the most widely used commodity polymers with applications in
films, packaging and automotive industry. The modeling of polymerization processes
producing polyolefins, including higtlensity polyethylene (HDPE), polypropylene (PP),
and linear lowdensity polyethylene (LLDPE) using ZiegiBiatta catalysts with multiple
active sies, is a complex and challenging task. This chapter presents an effective
methodology to estimate kinetic parameters that have the most significant impacts on
specific production targets, and to develop the kinetics using all commercially important
produdion targets validated over polyolefin processes producing HDPE, PP and LLDPE
using ZiegletNatta catalysts. This chapter is modified from our publicati@harma and
Liu) 1. Since the publication of our 2002 and 2004 artiélgsthere have been adst 100
articles about estimating kinetic parameters and modeling of commercial polyolefin
processes producing higlensity polyethylene (HDPE), polypropylene (PP), and linear
low-density polyethylene (LLPDE) involving Zieghatta (ZN) polymerization.Each
article has its merits, but most of them do not consider all of the commercially important
production targets when quantifying the relevant polymerization reactions and their kinetic
parameters based on measurable plant data. Most of the publistied al$o do not make
efficient use of simulation tools, particularly sensitivity analysis, design specifications, and
data fit, that are available in commercial modeling software for polymerization processes,
such as Aspen Polymers which is an extensibAspen Plus® simulation softwarén
particular,sensitivity analysigjuantifies the effect of varying kinetic parameters on the
production targetdesign specificatiorfinds the desired kinetic parameters to match the
specified production targetdata fit is an efficient nonlinear regression tool that
determines statistically acceptable, kinetic parameters from constanyaigieg, or



temperaturalependent laboratory measurements, or from matching the process simulation
to production targets.

The objective of this study is to present an effective methodology for estimating the
kinetic parameters based on plant data in the development of simulation and optimization
models for commercial polyolefin processes using efficient software tools. We firs
describe the ZiegleNatta polymerization kinetics for polyolefin processes, and present
commercially important production targets involving slurry, solution andpbase
reactors. We identify the kinetic parameters that have the most significant sropaitte
specific production targets, and demonstrate an effective methodology for estimating the
kinetic parameters to fit production targets in a compaitted stegby-step procedure. We
report our insights and experiences from training practicing eaggrio successfully apply
our methodology to several dozen commercial HDPE, PP and LLPDE processes to achieve
sustainable operation goals and generate significant economic payback at two of the
worl dos | argest petr odacdinwercte pasttwo degaalesiTes i n
help our reader in applying our methodology, we present supplements of detailed modeling
examples and Excel modeling spreadsheet for commercial polyolefin processes. This study
is motivated in part by the minimum coverage oWaleping models for industrial
polyolefin reactors from plant data in two premier textbdoks

This chapter deals with firgtrinciple based modeling of HDPE, PP, LLDPE and
manufacturing processes using Ziegiatta (ZN) catalyst. We will also tily cover
Metallocene based catalyst modeling for producing EPDM. We use simulation software
Aspen Polymers for this study. We deal with the methodology and procedure to model the
ZN polymerization kinetics. In particular, we present an effective metbggofor
estimating the kinetic parameters based on plant data in the development of simulation and
optimization models for commercial polyolefin processes using efficient software tools.
We showcase the methodology of making first principle models foolsfigs processes.

2.2.Polyolefin Ziegler-Natta Polymerization Kinetics

ZieglerNatta (ZN) catalyst is one of the most widely used catalysts for manufacturing
commercial HDPE, PP, LLDPE and EPDM. Polyethylene and polypropylene are two
commodity polyners of the highest demands. Polyolefins have a wide application
requiring different properties with different molecular weight distribution and branching
distribution. The polymerization follows the coordination mechanism which is different
from the freeradical polymerization mechanism used for producing-pigissure LDPE.
The microstructure of polyolefins made with coordination catalysts is different from that
made with free radical kinetics. The LDPE made using the free radical mechanism consists
of both short chain branching (SCB) and long chain branching (LCB), while that made by
coordination mechanism consists of only SCB. Thus, catalyst design plays an important
role in polyolefin processes. Different process types with different reactors and phase
another variable to modify polyolefin properties. The process for producing polyolefins



can be in three phases, including solution, slurry and gas phase. Autoclaves/CSTR, loop
reactors, fixed bed reactors (FBR) are some of the main reactors usealyfmefm
processes for different phases. For example, the loop reactors are used fephslsery
process and FBR are used for-phsise process. The book by Soares and McKeroers
different polyolefin processes in detail.

The modeling of the ZNinetics is complex because of the multiple active catalyst sites
in the ZN catalyst. The most common type of ZN catalyst is titanium tetrachloride TiCl
supported on MgGlor SiQ: which is heterogeneous in nature. ZN catalysts give high
activity and productivity. Multiple active sites of the ZN catalyst enable the production of
polymers with broad molecular weight distributions, and allow good polymer
microstructural control.

This chapter focuses on ZN catalysts, not other catalyst types, such as Phillips,
metallocene and late transition metal catalysts discussed in Chapters 3 and 5 of Soares and
McKennaP®. Phillips catalyst is similar to the ZN catalyst with multiple activessiand is
used for producing HDPE consisting of chromium compounds likes GoPported on
SiO.. Metallocene catalyst and late transition metal catalysts are used to produce
HDPE/LLDPE with uniform properties and narrow MWD. The metallocene catalysts are
considered to be single site and homogeneous, i.e., soluble in the reaction medium. This
chapter also does not deal with any processes that may use more than one catalyst type.
Our limitation results from the lack of sufficient published plant datavbatd enable us
to develop an effective methodology for kinetic parameter estimation for other catalyst
types.

2.2.1. ZieglerNatta Catalysts

The ZN catalyst requires a -catalyst AIR such as triethyl aluminum (TEAL),
Al(C2Hs)3, for activation. Theco-catalyst is used to alkylate the Ti salt to yield an active
site. The catalyst and exatalyst react in a series of reactions to form a complex. The co
catalyst extracts the chlorine atoms and transfer the alkyl group to the catalyst. Thus, the
co- catlyst acts as a reducing agent and the elededicient site acts as the active site
initiating the polymerizationThe ZN catalysis usually heterogeneous and has multiple
active sites and produces polymer with broad molecular weight distributiorcatddgst
structure of ZN catalyst can be designed based on the required stereoregularity of the
polymer.The homogeneous form of the ZN catalysually contains different cocatalyst
like methylalumoxane along with the titanium complex. We will focus maostl the
heterogenous catalyst in this chapter.



2.2.2. ZieglerNatta Polymerization Kinetics
The most important reactions in the ZN kinetics are the same as in any polymerization

kinetics, namely, the chain initiation, propagation and chain transfer reactions which can
be with monomer, hydrogen, and solvent. The ZN catalyst consists of diféatalyst site
types with each having its own relative reactivity, because of variations in the local
chemical composition of each site type. The catalyst activation, deactivation and inhibition
reactions are also specific to ZN catalyst. Site activagaiations convert potential sites
to active sites, while site deactivation reactions convert active sites to dead sites. As
discussed previously, Aspen Polymers builds the kinetic model in terms of repeating units
or segments. All the main reactions in KiNetics are as follows. The Ziegler Natta kinetics
have also been explained previously by KHrehis thesis. We summarize below our
kinetic model reactions. For detailed description of each reaction, refereneés to 2
(la) ACT-SPON: Spontaneous tedyst activation § j is vacant site of typd):

68Y 4" 0
(1b) ACT-COCAT: Catalyst site activation by cocatalyst:

68Y 4" 0
(1c) ACT-H2: Catalyst site activationythydrogen:

68Y 'O "0

(2) CHAIN-INI: Chain initiation by monomenX) (0 j is a propagation site of typevith
an attached polymer chain containing one segment):

O0fr O u "0 B
(206) Nt £haiN initiation bymonomer j{ ) for copolymerization:
6 M 0 u " L~) A
(3a) PROPAGATION: Chain propagatiom (; and0  j are polymer chains of length
and
n+ 1 segments):

Ofp O "5 N
(3b) ATACT-PROP: Atactic chain propagati¢®  is the rate constant for atactic chain
propagation
at site typae):

Ofp O u "0 B
(4a) CHAT-MON: Chain transfer to monomet) i Is the rate constant for chain transfer
to a monomer of typkreacting with a growing chaitransfer ending with a monomer unit
of typej at site typa):



6, 0 u'"0o 04
(4b) CHAT-H2: Chain transfer to hydrogen (Chain transfer to hydrogen and other transfer
reactions generate a vacant site of tyger8'0 is a dead polymer chain of length.

O0fp O _Jﬁ 0 05
( 4bd) -HE HCAaln transfer to hydrogen for copolymerization (Chain transfer to
hydrogen and other transfer reactions generate a vacant site of byp@ O is a dead

polymer chan of lengthn).
6 R (O] _Jﬁ (@) fjﬁ
(5) FSINHH2 and RFINHH 2 : AForward and reverse catalys
(06 6iYs the 2%*nhibitedo
catalyst of site type):
68 "Y@'0 " 086 "Y

Ooo’M 00YwWO

(6) DEACT-SPON: Spontaneous catalyst deactivatiord (0 i&¥ deactivated catalyst site
of typei. O is a dead polymer chain of n segménts

Op 4" 066"y
Op 4'0 088"
(7) Copol ymeri zat i®@gn iskhe matetconstantSar prepagation| fi

associated with site type for a monomer of typ& adding to a chain with an active
segment of type &4:

Up 0 U ;
. « Fos
Vyip U U }
. o B
Up U U ;
. « Fos
Vyip U U }

We note that the reaction rate constants listed in the chemical reactions (1) to (7) above
have the following standard Arrhenius form:

0 QzQ” T (2.1)
wherek, is the preexponential factor, E is the activation energy, R is the ideal gas constant,
and T is the temperature of the reaction system arwdtfie reference temperature.

We discuss below our reasoning for including certain model reactions, and our
simplification in ignoring other model reactions.
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(1) Touloupidis * and Zacca and Ra¥ include the catalyst site activation by monomer
(ACT-MON) ard by electron donor (AGEDONOR) in their modeling studies.
These reactions are available within the Ziefatta kinetic model in Aspen
Polymers when needed.

(2) To quantify the catalyst activation, the Aspen Polymers model for Zibgida
kinetics includs a parameter (calledax siteyfor the concentration of catalyst sites
per unit mass of catalyst, in addition to the catalyst activation reaction rate constants.
Typical values of the max sites parameter range from-%.6E1.0 E3 mol of sites
per g ofcatalyst. When employing titanium tetrachloride as the catalyst, we typically
use a value of 2B mol of sites per g of cataly$t®. We can vary this parameter to
change the polymer production radgthoutaffecting the polymer molecular weight
or coplymer composition.

(3) Chain transfer to transfer agent (CHAGENT), to solvent (CHATSOL), to
cocatalyst (CHATCOCAT), and to electron donor (CHAEHDONOR) follows
reaction (4b), for chain transfer to hydrogen (CHAZ). These reactions are
available withinthe ZieglerNatta kinetic model in Aspen Polymers. We ignore them
as in references 2, 3.

(4) Zhang et al.’° include the betdydride elimination in their slurry HDPE modeling
study. Soares and McKenng pi162 state that this reaction produces metal hydride
sites that are indistinguishable from those made by chain transfer to hydrogen.
Therefore, it would be appropriate to consider only the reaction of chain transfer to
hydrogen, without the reaction bétahydride elimination, as in references 2,3.

(5) After considering chairansfer reactions, Touloupidisincludes sitearansformation
reactions that convert one vacant catalyst site type to another by means of specific
reactions, such as transformatitm hydrogen, to cocatalyst, to solvent and to poison,
as wel |l as spontaneous site transformati c
transformation reactions do not seem to play an important role, as they are rarely
employed. Moreover, they pose diffities on the way site transformation can be
experimentally mea$§tPrP% drheraforel wevignore diet e d 0
transformation reactions.

(6) As explained in reference By adding hydrogen to polyolefin processes with ethylene
as a monomer, theate of polymerization decreases. We can model this effect by
including the forward and backward catalyst site inhibition reactions due to hydrogen
(FSINH-H2 and RFINHH2). The rate constants of these inhibition reactions affect
the polymer production rateThe Aspen Polymers model also calculates the
equilibrium mole of inhibited catalyst sites (CISFRAC).

(7) In certain polyolefin systems such as HDPEwe may get a bimodal homopolymer
from a single reactor. This is different from the bimodal copolymer mexdiin a
reactor series for HDPE:1112 pp 31314 or LLDPE *° due to the difference in the
hydrogen concentrations in the two reactors in series. We can model this bimodal
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copolymer by the forward and reverse catalyst inhibition reactions dugltogen
(FSINH-H2 and RFINHH2) 2. The Aspen Polymers model also calculates the
equilibrium mole of inhibited catalyst sites (CISFRAC).

(8) Many HDPE 2 % 10.11.12 pp 3,1314 gnd LLPDE ' models include the reaction of
spontaneous catalyst deactivation (DEASFON). For PP, the tacticity control agent
deactivates a portion of the catalyst sites that produces atactic polymer. We account
for this by the reaction of catalyst deactivation agticity control agent (DEACT
TCA) 2. The Aspen Polymers model includes also catalyst deactivation reactions by
hydrogen (DEACTH2), by cocatalyst (DEACTCOCAT), by monomer (DEACT
MON), by poison (DEACTPOISON), and by electron donor (DEAEDONOR),
as lIsted in 5. INnAppendix A.3 and A.5 we include DEACTPOISON and DEACT
H2 reactions.

(9) Certain polyolefin processes, such as slurry HDPE, produce an oligomer, which is a
low-molecularweight polymer species that dissolves in the hexane diluent. Using
plant cata for the molecular weight of the oligomer, we model the oligomer production
by reacting stoichiometric amounts of ethylene and hydrogen according to the
equation 2:  x CoHs + Hz -> oligomer, wherex is a stoichiometric coefficient
determined from plat data.

(10) As our secti eéNmtttiat IPeo,l yimRea li yzalta foinn K4 ineed
focus only on the kinetic reactions that are applicable to commercial processes using
Z-N catalysts, not other catalyst types, such as Phillips, metadl@ehlate transition
metal catalysts discussed in Chapters 3 and 5 of Soares and McKewmeado not
deal with any processes that may use more than one catalyst type. Our limitation
results from the lack of sufficient published plant data that wowddlerus to develop
an effective methodology for kinetic parameter estimation for other catalyst types.

2.3. Commercial Polyolefin Production Targets

The important commercial production targets for kinetic parameter estimation of
polyolefin processes aras follows.

2.3.1 General Production Targets

2.3.1.1. Production RateWe use the mass flow rate of polymer within the outlet stream

from each reactor for a process with reactors in series for kinetic parameter estimation. It

is an important productioratget for process modeling, since the production rates are
increased for production expansion and the kinetics should be dependent on it. The
propagation reaction determines the polymerization rate hence directly affects the
production rate.

2.3.1.2. MWN The numbeiaverage molecular weight (MWN) of the polymer is an

important target. MWN varies for different polymer grades. The reaction rate constants for

chain transfer to H(CHAT-H2) and to monomer (CHAMON) significantly affect the
molecular weight othe polymer since the reactions lead to breaking the growing polymer
chain and forming the dead polymer chain.
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2.3.1.3. ML In the literature, most empirical correlations for Ml for polyolefins with broad
MWD or large PDI are based on the weightrage ralecular weight (MWW). For
example, a general Ml correlation with MWW is in the form 6f’:
Ml =a (MWW)'P (2.2)

where a and b arrelating parameters. For PP, the MI may depend on the MWW as well
as the atactic fraction (ATFRAC), calculated by the atactic chain propagation reaction
(ATACT-PROP)Z.
2.3.1.4. ConversionThe conversion percentages of the monomer and theocmmerare
required to determine the yield of the process.
2.3.1.5. PDI:The polydispersity index is the ratio of the weiglrerage molecular weight
to the numbeaverage molecular weight, MWW/MWN. It is an important polyolefin
property. It is measured by penfioing gel permeation chromatography (GPC) of the
polyolefin sample obtained at the product outlet or at each reactor outlet in a process with
reactors in series.
2.3.1.6. SMWN and SPFRACSMWN represents the numbaverage molecular weight
produced at eachictive catalyst site. SPFRAC is the weight fraction of polymer produced
at each active site. They are determined by deconvolution of the polymer GPC curve, and
are required for estimating individual sipecific kinetic parameters.
2.3.1.7. SFRAC and SCBSFRAC is the mole fraction of segments of the comonomer
and is usually determined by the short chain branching distribution (SCBD). The use of
online Fourier transform infrared spectroscopy (FTIR) with gel permeation
chromatography (GPC) permits the détat of the SCB as a function of the weight
average molecular weight?. We use this simulation target to predict thenomnomer
content in the copolymer. SFRAC depends on thmooomer kinetics.
2.3.1.8. Rho:The polymer density is usually measuredtfar pellets, and correlated as a
function of the MWW. For copolymerization, we often correlate the polymer density as a
function of mole fraction of the comonomer and the MVWARE ‘In reference 9, the HDPE
density obtained from ethylene copolymeriaatwith comonomer -butene follows the
following correlation:

" p T T wp@®3N x 1.137247 0.014314 In (MWW)
(2.3)
where xB is the mole fraction of-dutene. In reference 18 , we see an example of
correlating the polymer density to MWW and SCB content for a bimodal HDPE copolymer
process:

B
" p8IX T YmBiC TE Q) wBlp P 8

(2.4)

where m(j) is mass fractiasf polymer formed at active site j, SCB(j) is the average short
chain branching in copolymer formed at active site j, and Qis the weight chain

length distribution of the polymer formed at active site j.
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2.3.1.9. Residence TimeThis rders to the reactor residence time. It can be the residence
time of each reactor in a process with a series of reactors. It is an important target affecting
the polymer properties. The residence time is dependent on the polymer solution density
which depeds on the thermodynamic property parameters.

2.3.2. PolymerSpecific Targets

2.3.2.1. CISFRAC:It is the ratio of the moles of the inhibited catalyst sites to the total
number of moles of the catalyst sites. It may be considered as a target for HD&4S proc
when catalyst inhibition reactions are considered.

2.3.2.2. ATFRAC: It is the ratio of the atactic propagation to the total propagation. It is a
commercial target for atactic PP production.

Table 2.1 give examples of production targets for kinpttameter estimation for
modeling commercial polyolefin processes from plant data.

Table 2.1. Examples of production targets for kinetic parameter estimation for modeling
commercial polyolefin processes from plant data

Polymer Pr | MWN | Conv | SFRAC | PD | Rho | SMWN | Res. | Polymer
reference od. | and I and tim | specific
rat | M SPFRAQ e
e
HDPE, n |n n n n [n |0 n |n
Khare et a2
HDPE, n |n n n |n |n n
Chen et al.®
HDPE, n |n n n n
Zhang et al*°
HDPE, n |n n n [n |0 n
Meng et all?
HDPE, n |n n n [n |n n |n
Zhao, et all?
PP, n |n n n n n n |n
Khare, et al 3
PP, n |n n n |n |n
Zheng et al*®
PP, n |n n n |n |n n
Luo et al.1®
PP, n |n n n n n n
You and Li?%°
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PP, n |n n n n n
Luo et al.

PE, n |n n
Kou et al.??%3
LLPDE, n n n n
Touloupidis et
al. *®

LLPDE, n n n n
Kashani at el?*

We conclude this section by noting two points.

() Not all of these production targets are fully independent of each other. As an
example, Ml typically depends on MWW for most polyolefins, and also depends on atactic
fraction (ATFRAC) for PP. In our simulation, we use a FORTRAN block to calculate the
MI based ona correlation developed from past plant data for MWW, and compare the
calculated MI value with the current plant data. If the resulting deviation between the
calculated and measured MI values is not acceptable, we woultlfieghe simulation
parameterdor better MWW predictions, and possibly update theN¥WW correlation

with new plant data.

(2) Not all of the suggested production targets in reported modeling studies have the
relevant plant data for model validation. Depending the intended @& osusing the
resulting simulation model and the accuracy requirements of model predictions, the model
developers must decide if they wish to make a serious effort to collect plant data of certain
production targets for validating the simulation mod&lternatively, they could use
available data of relevant process variables or the values of simulation output variables as
independent variables to develop soft sensors or inferential models (such as those based on
neural networks?®) for production targts (e.g., Ml and ATFRAC) that are not routinely
measured.
2.4.Modeling Considerations
2.4.1 Reactor Types

Chapter 4 of Soares and McKenhalescribes the various types of reactors used for
polyolefin processes, depending on the type of polyolefotgss technology and reactant
phase. The most common reactors used in polyolefin processstirae autoclave or
continuous stirred tank reactor (CSTR), loop reactor, fluidized reactor (FBR), and
horizontal stirredbed reactor (HSBR)The modelingof the reactors requires certain
assumptions.

Table 2.2 gives examples of common reactor types in commercial polyolefin processes.
We can model the stirred autoclave reactors in the Mitsui slurry HDPE prét¥ssand
in the DOWLEX solution LLPDBprocess?® as continuous stirred tank reactors (CSTRs).
Loop reactors are used in the Borstar slurry HDPE protess® o 11as well as the Basell
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Spheripol 1314 6. P- 106gnd Mitsui HYPOL 2%21 PP processes. In the modeling of a loop
reactor when the recycle ratio is 30 or higher as calculated by Zacca anél,Ray can
simulate the loop reactor as a CSTR. High recycle ratios give very low axial concentration
of the reactant and uniform temperature and residence time distribution §eTbgt we

can model a loop reactor as a CSTR. The loop reactors have a highetimpageld and

a high ratio of heat transfer per unit volume. Luo et!3lZheng?’, among others, have
modeled the loop reactor series as CSTRs for PP production.

Table 2.2 Examples of Common Reactors for Producing Polyolefins

Polymer | Stirred Slurry Fluidized- SLRs +| Stirred-
autoclave, or| Loop Bed FBRs Bed
continuous | Reactors | Reactors Reactors
stirred tank | (SLRs) (FBRs) (SBRs)
reactor
(CSTR)

HDPE Mitsui slurry Borstar
process bimodal
2,10, 11 process

9,12
PP Loop Univation Basell Innovene
reactor UNIPOL 28 | Spheripol |3
series92’ process ©
p.26; 13, 14 ,
HYPOL
process?%:2t

LLPDE | DOWLEX Loop Basell
solution reactor Spherilene
process ° P-| series®® 26
120;26 Univation

UNIPOL %4

Fluidizedbed reactors are mainly used for gémse and mixeghase processes, such
as the Borstar bimodal HDPE'2 | BasellSpheripol PP***4 Mitsui HYPOL PP 2021,
Basell Spherilene?® and Univation UNIPOL?* LLPDE processes. FBRs have a high
overall conversion as well as high heat removal capacity. FBRs are mostly used as a
finishing reactor for making copolymersarseries polyolefin process, as varying levels of
co-monomers can be added without any solubility issues. The high recycle ratios of the
recycle gas lead to uniform temperature and low concentration gradient in the FBRs,
making it reasonable to model tABR as a CSTR. Chen et atl. and Zhao et al** have
modeled the FBR as a CSTR in the finishing reactor for making bimodal HDPE.

16



The HSBR (horizontal stirreded reactor) has been used for-ghase polymerization
processes, such as the Innoveioenerly BP Amoco) PP process. It has a pluglow
characteristic and can be used for fast grade change and making wide variety of products.
We can simulate the HSBR as a series of CSTRs to approximate the RTD of the plug flow
3
2.4.2 Polymer Types:

HDPE, PP and LLDPE are mostly made using Zieblatta catalysts. The strategy for
process modeling and kinetic parameter estimation does not change when considering
different polymers. We only need to include certain reactions specific to the pslyFoer
HDPE processes, it is appropriate to consider the forward and reverse catalyst inhibition
reactions by hydrogen (FSINH2 and RFINHH2), since the rate of polymerization for
ethylene polymer decreases with the addition of hydrogen. For PP proeessesd to
consider the atactic propagation reaction (ATARROP), depending on the atactic
content of the polymer. The atactic polymer is amorphous and has low commercial value;
it is desirable to have high isotactic PP.

2.4.3 Molecular Weight Distribution (MWD) and Multi -Modal Distributions:

The MWD of the polymer can be unimodal or muitodal, depending on the operating
conditions. The kinetic estimation and modeling strategy remain the same whether the
MWD distribution is unimodal or bimodal. Ethomopolymer MWD is usually unimodal.

For obtaining bimodal MWD in many polyolefin processes, the catalyst is exposed to
two different operating conditions in a cascade of reactors. We can use two reactors in
series to produce bimodal HDPE. The fiesactor makes low MWN HDPE with the help
of a higher hydrogen concentration, while the second reactor has a lower hydrogen
concentration producing a higher molecular weight polymer. A comonomer alpha olefin is
often added to make a copolymer. Chen et’aind Meng, et all!have modeled the
Borstar HDPE process to predict the bimodal MWD. In the Borstar process, the low
molecularweight homopolymer is made in the slurry loop reactor (SLR) and the high
molecularweight copolymer is made in the FBR.€rh can be other reasons for obtaining
a bimodal MWD apart from operating conditions if we obtain a bimodal MWD in a single
reactor. The other reasons for bimodal MWD can be different types of reacting sites in the
catalyst, inhibition of catalyst sites elio hydrogen or other poisoning and xdeal
mixing in the reactof®.

2.4.4Process Flowsheets

Figures 2la to 21f illustrate the simplified flowsheets of several commercial polyolefin
production processes that we use below to demonstratenetirodology for kinetic
parameter estimation from plant data using simulation software tools.
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Figure 21a. Mitsui slurry HDPE process: serial reactor configurafion
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Figure 21b. Borstar bimodal HDPE process with a prepolymerization reactor, alslopry
reactor (SLR), a flash unit, and a finishing fluidizeed reactor (FBR}?.
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Figure 21c. Polymerization section of the Mitsui HYPOL PP process: C201, C202 and
C203 compressor; D201 and D20dlurry polymerization reactor (SLR); D20uidized
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bed reactor (FBR); D221, D222, and D2#8sh drum; E201, E202, E203 and E208at
exchanger?. In our example and in Supplement 1a, we have another FBR, D204.
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Figure 21d. Basell Spheripol PP process using two slurry loop reactors (SLRs), followed
by a flash unit and a fluidizeled reactor (FBR) for copolymerization (Soares, J. B. P;
McKenna, T. F. LPolyolefin Reaction Engineering. 126,2012 Copyright WileyVCH
Verlag GmbH & Co. KGaA. Reproduced with permission).
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Figure 21e. Innovene gaphase PP process using a horizontal stibexdireactor®.
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Figure 21f. Univation UNIPOL LLPDE process using a fluidizbdd reactor (Soares, J.
B. P.; McKenna, T. F. LPolyolefin Reaction Engineering. 1162012 Copyright Wiley
VCH Verlag GmbH& Co. KGaA. Reproduced with permission).
2.4.5 Thermodynamics

Thermodynamics is an essential component of the model. The perturbed chain statistical
fluid theory (PCSAFT) is one of the most useful thermodynamic models for simulating
polyolefin pro@sses®?°. The PGSAFT model is based on the perturbation theory. The
underlying idea is to divide the total intermolecular forces into repulsive and attractive
contributions. The model uses a hatdin reference system to account for the repulsive
interactions. The attractive forces are further divided into different contributions, including
dispersion, polar, and association. A correct thermodynamic model is very important in
predicting certain commercial targets like the polymer solution densitytiagtolymer
pellet density which depends on MWW and SCB contéft). We use the polymer
solution density to match the reactor residence time before estimating the kinetic
parameters.

MNitrogen
purge

Finishing

2.4.6 Global Kinetics versus Local Kinetics®

Reaction kinetics, like thermodynamics, are expected to be a global phenomenon. As
long as the same catalyst is used in all the reactors, a good model should be capable of
covering the full range. Using different kinetics in different reactors sigmifig raises the
degree of freedom of the problem, which is already enormously complex. Instead, we
Sshould treat the data from the different sta
to further confirm a single set of rate parameters.

If we had samples after each stage, we could use the molecular weight distribution to
further enrich our understanding of what is happening within the process. We have seen
projects where engineers have used different kinetics in different reactors, oendiffe
kinetics for different product grades. We have also seen in some cases -dittiagcéhe
kinetics where the maximum sites concentratroaX siteyis not realistic, or the inhibition
reaction and catalyst poisoning reaction rate constants mae matrrect, resulting in the
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incorrect catalyst activity predicted by the model. We always consider these symptoms of

an i mperfect model. Usingfilttciahg&i miee ilci miode
data, which can lead to bad extrapolations afk@y the base&ase conditions. Since the

goal of modeling is usually to optimize the process to increase throughput, improve quality,

or reduce energy consumption, it is important to be able to predict behavior outside the

current operating envelope.

Additionally, when fitting a kinetic model, we should always use the reference
temperature form of the kinetic expression, Eq. (1). This form makes Hexpoeential
factor ko, and the activation energy E independent of each other.aDtherwise, smaél
changes to E overwhelm the data fitting of the k values and the fitting algorithm usually
fails. We also find it easier to compare rate constants when they are on a consistent
reference temperature basis.

2.5. Methodology for Polyolefin Kinetic Estimatian

Table 2.3 summarizes the important commercial production targets that we have
considered for kinetic parameter estimation. The number of targets that can be used for
estimation depends on the data availability. In our strategy to estimating kereticgiers,
we first try to match some production targets in a single catalyst site model and we fit the
remaining targets after converting the singite model into a multisite model. In this
procedure, we consider the rate constants for all the reaotimiged in the Ziegler Natta
polyolefin kinetics, including the catalyst activation, initiation, propagation, chain transfer,
deactivation and other polymspecific reactions. The kinetic rate constants follow the
Arrhenius form given in Eq. (1). For pyolefin reactors operating in a small temperature
range, we only estimate the gegponential factok, and keep the activation energy
constant with values from the literature. Our methodology for kinetic parameter estimation
does allow us to estimatied activation energy if necessary.

Table 2.3 Production targets for singliée and multisite models

Single-Site Targets Multisite Targets

Production Rate PDI of polymer

MWN overall MWN produced at catalyst site

Monomer Conversion Mass fraction for polymer produced
each site

Co-monomer Conversion or SFRAC Atactic fraction ATFRAC for each site fq
PP

Polymer solution density Catalyst site inhibition fraction CISFRA
for each site for HDPE

Residence time Rho /Polymer pelledensity

Atactic fraction ATFRAC for PP
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2.5.1. Efficient Use of Software Tool: Data Fit

We develop models using Aspen Polymers and fit the kinetic parameters to plant data
using the data fit tool. Data fit is an efficient nonlinear regression tool that allows the user
to determine statistically acceptable, kinetic parameters from constaimevarying, or
temperaturaependent laboratory measurements, or from matching the process simulation
to plant targets. We can use both point data or-proéle data for regression. We need to
define the data with reconciled input variables arsthadard deviation. We estimate the
model parameters using the data within the specified range.
The leastsquare regression objective function that the data fit minimizes is as follows:

Q F1E -B o B B — B
(2.5)
subject to @ O O ,0 @ @
where:
Nsets = Number of data sets specified for regression
Nexpi = Number of experiments in data set i
Nri = Number of reconciled input variables
Nrr = Number of measure output variables
Wi = Weight for each data sefor regression
Xp = Vector of varied parameters
Xmri = Measured values of the reconciled independent variables
Xri = Calculated values of the reconciled input variables
Xmrr = Measured values of the output variables
Xrr = Calculated values of the output variables
G = Standard deviation specified for the measured variables

Since kinetic parameter estimation is a complex regression problem, we can vary some
numerical parameters within the data fit to speed up the convergence calculations. We vary
the maximum algoritm iterations and the maximum number of passes through the process
flowsheet which are required to compute the residuals. We specify a bound factor which
gives the upper and lower bounds for variables by multiplying by the standard deviation.
We also spety the absolute surof-squares objective function tolerance, so that the
problem converges whenever the objective function value is less than the tolerance value.

The tool performs the leastjuare regression using a trust region algorithm for
parameter estimation. Specifically, the algorithm maintains an estimate of the diameter of
a region, called the trust region, about the current estimate of the vectoredf values in
which it can predict the behavior of the leaguiares objective function. If an adequate
model is found within the trust region, the region is expanded; if the model is a poor
approximation, then the trust region is contracted. The tgol @lovides certain handles
to implement the regression with the trust region optimization algorithm.
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2.5.2 Flowchart of the Methodology for Kinetic Parameter Estimation

Figure 22 a and b shows our methodology for estimating kinetic parameters for
polyolefin process models from plant data using simulation software tools. In the
following, we discuss the details of the algorithm and present illustrative applications to
commercial ptyolefin processes. We also give some useful suggestions based on our
experiences in guiding practicing engineers to apply the methodology to several dozen
commercial HDPE, PP and LLPDE processes in the-Ragfic.

GPC deconvolution

Initial
ko

Initial M5 CHAT

Single-site Multi-site H2/MON Multi-site
(SS) reactor (MS) kg (MS) reactor
model LBy Initial MS ACT, model . MSACT,
PROP, DEAC PROP, @
Estimated
PROD RATE
matches

data?

Figure 22a. The methodology for ketic parameter estimation for polyolefin process
models from plant data using simulation software t¢®isnmary)
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ACT-SPON, ACT-COCAT, ACT-H2, PROPAGATION, and constants for ACT-SPON, ACT-COCAT, ACT-H2, CHAIN-INI,
DEACT-SPON to match production rate, monomer PROPAGATION, CHAT-MON, CHAT-H2 and FSINH-H2 and|
and comonomer conversions, and monomer mole RFINH-H2 from single-site and deconvolution results using
fraction in the copolymer product (SFRAC). Adjust equations (6) to (9). Assume the same rate constant values
max. sites parameter to match production rate if for DEACT-SPON for the multi-sites as calculated from
needed. l

. l . Use data fit to regress reaction rate constants for CHAT-
Use data fit to regress reaction rate constants for MON and CHAT-H2 to match MWN of each site and PDI (=
CHAT.'MON and CHAT-H2 to match MWN. Regress MWW/MWN) with initial rate constant values from single-
reaction rate constants for FSINH-H2 and RFINH-H2 site results. Regress reaction rate constants for FSINH-H2

l and RFINH-H2 for bimodal MWN.
Use data fit to regress reaction rate constants for
ATAT-PROP to match the atactic fraction, ATFRAC for Use data fit to regress reaction rate constants for ATACT-
’
PP PROP for each site reaction to match ATFRAC

Qal Rate ConstaD

Figure 22b. The methodology for kinetic parameter estimation for polyolefin process
models from plant data using simulation softwaag (Detailed)
2.5.2.1 Multiple Product Grades and Single Active Catalyst Sites

We first make a singlsite model and try to estimate the kinetic parameters based on
singlesite production targets for multiple product grades. Using the productmmlatd
for multiple grades, the data fit tool enables usihoultaneouslyegress the reaction rate
constants for catalyst activation (A€SPON, ACFCOCAT, and ACTH2), propagation
(PROPAGATION) reactions for monomer, and deactivation (DEFRON) reactios, and
any inhibition (FSINHH2 and RSINHH2) reactions if considered. This is different from
most of the previous studies, including our previous workwhichsequentiallyestimate
these reaction rate constants.

Before matching the productiontea, we must ensure that the residence time matches
plant data. We can adjust the 8BFT thermodynamic parameters and change the mixing
model equation to adjust the polymer solution density. The residence time of the reactor
depends on the solution densiWe estimate the rate constants for propagation
(PROPAGATION) reactions for the monomer using the production rate for the
homopolymer and monomer conversion. We use the production rate for the copolymer and
the ratio of the reaction rates of comonomemtonomer (SFRAC) or conversion of
comonomer to estimate the rate constants of the propagation reactions for the comonomer.

For PP, we need to ensure that the isotacticity of the homopolymer matches the plant
data. We do so by including the atactic @gation (ATACFPROP) reaction and estimate
the rate constant using the atactic fraction (ATFRAC), which is the ratio of the atactic
polymer formed over the total polymer. We want the calculated ATFRAC to be close to 1
T isotacticity/100 .
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For HDPE, ve also consider the inhibition of the catalyst due to the polymers since the
rate of polymerization decreases with hydrogen concentration for etkHydesee polymer
reactions. We usually estimate the forward inhibition and backward inhibition (FEENH
andRSINH-H2) reactions using the MWN. In the singlige model, we can also match the
weightaverage molecular weights and use them to estimate the rate constants of chain
transfer to hydrogen and monomer/comonomer.

Depending on data available, the meltex of polymer is also useful in matching the
molecular weight of polymer. Melt index is usually a function of wemlgrage molecular
weight (MWW), but for the case of polypropylene homopolymer, it is also a function of
atactic fraction (ATFRAC).

In case SFRAC and comonomer content data are not available, we may use the final
polymer pellet density to estimate the comonomer propagation rate constants, as the
polymer density depends on the SCB and comonomer content.

Table 2.4 shows the major kinetmarameters that significantly affect the singie
production targets.
Table 2.4 Major kinetic parameters affecting the shsifie production target

Single-Site Target Major Kinetic Parameters Affecting the
Target

Production Rate Max sites parameterpropagation rate
constant, catalyst activation, inhibitic
reaction

MWN overall Chain transfer reactiorisnonomer and H

Monomer conversion Monomer propagation rate constant

Co-monomer conversion or SFRAC Co-monomer propagation rate constant

Reactor reidence time Polymer solution density an
thermodynamic property parameters

ATFRAC Atactic propagation rate constant

Melt Index Chain transfer reactions and ATFRAC

Polymer pellet density Comonomer content/comonom
propagation rate constants

We illustrate the application of the methodology to estimating the kinetic parameters for
modeling a commercial Mitsui HYPOL PP procegsppendix A.1 gives details of our
kinetic model and kinetic parameter estimation, including the reaction ratéamtsns
chosen and their initial values. We demonstrate below the efficient use of data fit tool for
the simultaneous estimation of kinetic parameters.

Table 2.5 lists the plant data for singiée modeling for a commercial Mitsui HYPOL
PP process of Bure 1c, and Figure 3 shows an Aspen Polymers simulation flowsheet of
the process with the addition of one more fluidibed reactor, D204.
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Figure 23. An Aspen Polymers simulation flowsheet of the Mitsui HYPOL PP process.

Table 25. Plant data for kinetic modeling a commercial Mitsui HYPOL PP prégess

D-201 %L‘
R
D-202
]

D-203

:l_‘ D-204

PP

L

gi

Grade 1 Grade 2
Data set Process Reacto | Production Productio
parameters r target n target
PROD123 Polymer productior] D-201 | 1560 1560
rate (kg/hr)
D-202 | 3120 3120
D-203 | 6240 6240
PROD4 D-204 | 8600 8600
MWN123 Numberaverage D-201 | 60000 76000
molecular  weight
(MWN)
D-202 | 63000 83000
D-203 | 77000 88000
MWN4 D-204 | 80000 96000
SFRAC4 Ethylene content i D-204 | 0.145 0.15
copolymer,  mole
fraction
PDI Polydispersity D-201 | 5.50 5.60
index
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D-202 |5.52 5.70
D-203 | 5.54 5.80
D-204 | 6.00 6.20
H2/C3H6 H2/monomer molg D-201 | 188 17
mole ratio x | ratio in  reactol
10E3 overhead
D-202 | 209 9.3
D-203 |15 1.7
D-204 | 38 1.15

To simplify the kinetic parameter estimation, we begin by setting some Kkinetic
parameters to be equal to each other. For example, we make-thgprential factors for
propagation (PRPREXP) from ethylene segment (€EG) and from propylene segment
(C3-SEG) to ethylene comonomer (C2H4) equal. Therefore, we use a Calculator
(FORTRAN block) to make PRPREXP PROPAGATION (CZSEG/C2H4) equal to
PRPREEXP PROPAGATION (C3SEG/C2H4). Appendix A.Zjives additional details
about this simplification.

Our data fit application includes th@multaneougxecution of two regression runs for
the first three reactors D201 to D203, and a regression run for the fourth reactor, D204 that
focuses on copolymer production. Firsggression run RPROD128aries the pre
exponential factors for spontaneous site activation (APDN), catalyst activation by
cocatalyst (ACTCOCAT), propagation (PROPAGATION) reactions for monomer, and
deactivation (DEAESPON) reactions, to match data B&0OD123listed in Table 2.6
Next, regression RMWN12%aries the pre&xponential factors for chain transfer of
propylene segment and of ethylene segment to H2 and to propylene monomer to match
data seMWN123.Lastly, regression RD204aries the pre&xponential factors for chain
propagation of propylene segment and from ethylene segment to comonomer C2H4, and
chain transfer from propylene segment and from ethylene segment to comonomer C2H4,
to match the data sé®&R0D4, MWN4 and SFRAC4

Table 2.6 demonstrates that the data fit tool enables us to accurately estimate the kinetic
parameters for the singite model that have the most impacts on specific production
targets (see Table 2.4) for the Mitsui HYPOL PP process. The comphetsosen model
predictions and production targets shows minimum errors of 0.37% to 3.22%.
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Table 2.6. Comparison of singdte model predictions with production targets obtained

by data fit
Grade one Grade two
Polymer D201 D202 D203 D201 D202 D203
production,
kg/hr
Plant data | 1560 3120 6240 1560 3120 6240
Prediction | 1541 3153 6151 1538 3211 6236
% Error 1.18% 0.76% | 0.83% 2.17% 2.39% | 0.37%
MWN D201 D202 D203 D201 D202 D203
Plant data | 60000 63000 | 70000 80000 83000 | 88000
Prediction | 61797 61511 | 68598 80547 82693 | 85167
% Error 3.06% 2.36% | 2.00% 0.68% 0.37% | 3.22%
D204 D204 D204 D204 D204 D204
Production, | MWN SFRAC, | Production, | MWN SFRAC,
kg/hr mole kag/hr mole
fraction fraction
Plant data | 8600 80000 | 0.145 8600 96000 | 0.150
Prediction | 8812 78004 | 0.142 8730 95099 | 0.152
% Error 2.45% 2.49% | 1.80% 1.52% 0.94% | 1.60%

2.5.2.2 Multisite Model and Deconvolution Analysis

We now convert our singlsite model into a multisite model by changing the specified
number of sites in the model. We then make use of the gel permeation chromatography
(GPC) analysis of the polymer samples.

Using the GPC characterization data, eply the deconvolution procedure first
presented by Soares and Hamieféc We deconvolute the MWD to determine the most
probable chain length distribution (CLD) for each active catalyst site. We assume that the
CLD of the polyolefins produced by eaahtive site of ZiegleNatta catalyst follows the
Flory distribution.

We represent the instantaneous weight chain length distribution (WCLD) by averaging
the distribution of each catalyst site in equation (2.6)

7117 C-B 0 ¢conmgodp 2z Q (2.6)

where7 1 | Cis the mass fraction of the chains of polymer having molecular weight M
in logarithmic scalen is the total number of active sites; is the mass fraction of polymer
formed at each site z is the fitting parameter for each sitevhich is equal to the inverse

of the numbesaverage molecular weight of polymer formed at each site, that, is;
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1/MWN;. Here,0 and MWN are equivalent to the production targets SPFRAC and
SMWN defined previously.

We fit the model in equation (6) to the experimental GPC data and estimate the
parameters by minimizing the difference between the model and experimental values. We
estimate the minimum number of Flory distributions, required to describe the
experinental MWD, which in turn gives the minimum number of active catalyst sites. We
also estimate the MWN of polymer produced at each active catalyst site, Bit¥khe
mass fraction of polymer produced at each active iteAppendix A.2 presents details
of our kinetic model and kinetic parameter estimation, including the reaction rate constants
chosen and their initial values for this slurry HDPE process.

Table 2.7. Deconvolution results for a representative LLDPE khoohoner samp

Active catalyst site| Polymer  weight| ; (or / MWN ;) | MWN
type, i fraction, ©

1 0.562 " 3.156€5 31685
2 0.299 9.17e6 109012
3 0.139 1.28e4 7763

Figure 24 plots the weight chain length distribution as given in equation 6 for the example
of Table 2.7. The figure shows the weight chain length distribution for each catalyst active
site and distribution of the plant data. The sum of the three individual digtnbk of the
catalyst site weighted with the mass fraction of polymer formed for each site predicts the
chain length distribution of the polymer.

0.9 ;

0.8 E Plant

0.7 Model

06 : Site 1
E,O-f’ SiteZ
20.4 e Site 3
03

0.2 ;

0.1 3 V4 E

0 It
2 3 4 5 6 7

log M

Figure 24. GPC deconvolution of a homopolymer sample from a UNIPOL LLDPE process
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We use the rate comstts from singlesite modeling and the deconvolution results of
Table 2.8 to further calculate the rate constants for theswiltit e ki net i cs. A We
the preexponential factors for catalyst activation reactions (AAFPION, ACFCOCAT
and ACTH2) ateach sitéQ from the singlesite valueQh

Q — (2.7)

Eq. (2.7) results from the fact that the concentration of potential catalyst sites is identical
for both singlesite and multisite models, but the concentration of vacant catalyst sites must
be divided by the number of site ty@&. We resolve this issue by dividing the pre
exponential factors for catalyst activation reactions by the number of catalyst sitentypes,

2
We estimate the prexponential factor for the chain initiation reaction (CHANI) at
each site by

T Qzp z¢ (2.8)
We calculate the prexponential factor for the propagation reaction (PROPAGATION) at
each site by
N Qzp z¢ (2.9)
Equations (2.7) to (2.9) give the actual values of the activation, chain initiation and
propagation rate constants for the multisite modetatly. Based on our modeling
experience with polyolefin processes, further data fit runs that vary these reaction
constants, obtained from applying equations (2.7) to (2.9), to match the relevant data sets
for production rate, MWN, SFRAC, etc. within thaultisite model would produce only
minimum or no changes to the reaction rate constant values.
We calculate the initial value for pexponential factor for the chain transfer reaction
(CHAT-MON and CHATH2) at each site by

T Qzy z¢ (2.10)

It is important to maintain the same relative contributions of chain transfer to hydrogen
(CHAT-H2) and to monomer (CHAMON) from the same singlsite model in the
multisite model, in order to preserve the sensitivity of these reactions to the conmesitrati
of hydr ogen 2&.ne darhisnby usieg acCalculator (FORTRAN block) in
Aspen Polymers.

To estimate the rate constants for chain transfer to H2 and to monomer for each site, we
regress the PDI and MWN data for the polymer stream exatue reactor, along with the
SMWN results from GPC analysis. For more accurate estimates of these kinetic
parameters, it is helpful to have these data obtained with varying H2 and monomer flow
rates. In the example presented in Tables 5 and 8, we usedsered PDI and MWN data
for the polymer stream exiting each reactor to estimates the chain transfer rate constants.
We should also make sure that measured MWD matches the model MWD by matching the
SMWN and SFRAC values obtained from GPC analysis.

The other rate constants, such as the deactivation rate constants (EEATENd
DEACT-TCA), and inhibition reactions (FSINH2 and RSINGH2), are all identical to
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those of the singtsite model. If we consider the catalyst inhibition reactions (FSHH
andRSING-H2), we must ensure that the total CISFRAC for the multisite model is the sum
of CISFRAG for all single sites. Also for the PP model, the ATFRAC considered should
be the same for each site and matching the plant data. After updating all the sttatepn
the multisite model matches all the targets.

To simplify the kinetic parameter estimation, we begin by setting some kinetic
parameters to be equal to each other. We make thexpomential factors for chain transfer
(CTPREEXP) from ethylenesegment (CBEG) and from propylene segment {EBG)
to propylene monomer (C3H6) and to ethylenearmmomer (C2H4) equal. Therefore, we
use a Calculator (FORTRAN block) to make PRPREP CHAT-MON (C2-SEG/C3H6)
equal to PRPREEXP CHAT-MON (C3SEG/C3H6), andnake PRPREEXP CHAT-

MON (C2-SEG/C2H4) equal to PRPREXP CHAT-MON (C3-SEG/C2H4). We can see
the preexponential factor and activation energy values for these reaction rate constants in
Appendix A.3.

We apply data fit to executa@gression run RPDthat varies the reaction rate constants
for chain transfer to hydrogen (CHAH2) and to monomer C3H6 and comonomer C2H4
(CHAT-MON) in order to match the data gebl (and hence the MWW data) given in
Table 2.5 from reactors D201 to D204 for two grades diffierent H2/C3H6 ratios in the
reactor overheads. Section A.1.6 shows the resulting reaction rate constants for the
multisite model, and we note that the resultinggxponential factors for chain transfer to
hydrogen and to monomer are indeed differ@rable 2.8 compares minimum errors
between the model predictions and plant data for PDIs. We note the percent errors between
our model predictions and plant data in Table 6 (0.37% to 3.06%) and Table 2.8 (0.25% to
1.84%) are equivalent to or smaller thange in reported modeling studies for polyolefin
processes (approximately 5% in our previous work for HBRRd for PP?).

Table 2.8. Comparison of mukite model predictions with production targets obtained
by data fit

Grade one Grade two
PDI D-201 | D-202 | D-203 | D-204 | D-201 | D-202 | D-203 | D-204
Plant data | 5.50 |5.52 5.54 6.00 560 |5.70 5.80 6.20
Model 5.48 |5.50 5.64 5.95 5.62 |5.67 5.76 6.26

Prediction
Error % 0.25% | 0.37% | 1.84% | 0.67% | 0.33%| 1.42% | 0.68% | 1.03%

Table 2.9 shows the different reacti@onstants that have the major effect on the
production targets in a multisite model. We can use sensitivity analysis as described in
Section 5.3 to quantify the effect of varying kinetic parameters on the simulation targets.
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Table 2.9. Major kinetic pameters affecting the mubite simulation targets

Multisite Targets Major Affecting Kinetic Parameters

1. PDI of polymer Chain transfer reaction rate constant

2. MWN produced at catalyst site and ovell Chain transfer reaction rate constant for e
MWN site

3. Mass fraction for polymer produced at eg Propagation reactions for each site

site and overall production rate
4. ATFRAC for each site Atactic propagation reaction rate constant
5. Polymer solution density Comonomer rate constants

2.5.3 EfficientUse of Software Tool: Sensitivity Analysis

Sensitivity analysis enables us to quantify the dependence of the production targets on
the reaction kinetic parameters. The analysis helps us in deciding which directions to vary
the operating conditions irraer to match the production targets. Sensitivity analysis also
helps in validating the kinetic estimation procedure for polyolefins. We illustrate below
some examples of sensitivity analysis of the different polyolefin processes that we have
modeled andstimated kinetics using our procedure.

Appendix A.3 gives details of our kinetic model and kinetic parameter estimation,
including the reaction rate constants chosen and their initial values for the Unipol LLPDE
process. Applying the sensitivity analy, we illustrate in Figure 2.8a how varying the
reaction rate constant for chain transfer to hydroen, of just one of the three active
site affects the final LLPDE polymer properties, including the polydispersity index PDI,
the numbeiaveragemolecular weight at the chosen catalyst site SMWN, and the overall
MWN. As we increase the reaction rate constant for chain transfer to hydrogen, both the
SMWN and MWN decreases, while the PDI increases gradually. In other words, we can
vary the hydrogendw rate to change the rate of chain transfer reaction in order to achieve
the desired MWN and PDI.

As another example, for the Mitsui Hypol PP (Appendix A.1) illustrates that varying the
reaction rate constant for chain transfer to monorger; results in similar trends of
changes in PDI, SMWN and MWN, as with the chain transfer to hydrogen. The similar
trends observed in Figures5&b below, support our approach of applying the same
methodology for kinetic parameter estimation for modelinffedint commercial
polyolefin processes from plant data.
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Figure 25a. Sensitivity of the PDI, MWN and SMWN for the Unipol LLDPE process on
the preexponential factor of the reaction rate constant for chain transfer to
hydrogen
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Figure 25b. Sensitivity of the PDI, MWN and SMWN for the Unipol LLDPE proges
on the preexponential factor of the reaction rate constant for chain transfer to
monomer
We demonstrate the further use of sensitivity analysis for the Unipol LLPDE process

Figure 26 a shows how increasing the petponential factor of the propagation rate
constantQy, for one of the three active sites increases the production rate and mass fraction
of polymer produced at that site (SPFRAC).
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Appendix A.4gives details of aukinetic model and kinetic parameter estimation,
including the reaction rate constants chosen and their initial values for the Basell Spheripol
PP process . In Figure@b, we show how increasing the atactic propagation rate constant
increases the atactiiaction, ATFRAC, for the Spheripol PP process.
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Figure 26a. The sensitivity of th@)Poduction rate and SPFRAC for the Unipol
LLPDE process to changes in the propagation reaction rate constant
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Figure 26b. The sensitivityf the atactic fraction ATFRAC to changes in the
atactic propagation reaction rate constant for the Spheripol PP process.

For the Mitsui slurry HDPE process with serial reactor configuration we show in Figure
2.7- ab showcase the sensitivity of thelymer production rate to changes in the reaction
rate constants for catalysts activation by cocatal@stzh and for spontaneous catalyst
deactivationQ , for one of the five active catalyst sites.

ATFRAC
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Figure 27a. The sensitivity of therpduction rate for the slurry HDPE process
to changes in the reaction rate constant for catalyst activation by cocatalyst
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Figure 27b. The sensitivity of the production rate for the slurry HDPE process
to changes in the reaction rate constanspmntaneous catalyst deactivation

Figure 28 illustrates the sensitivity of the MWD from a Mitsui slurry HDPE process

changes in the reaction rate constant for forwatalyst inhibition by hydrogen’Q

for two different of the five active catalyst sites. The MWD of the HDPE produced from a
single reactor can change from unimodal to bimodal. This happens since the difference in

the rate of inhibition for dierent catalyst sites.
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Figure 28. Sensitivity of the MWD from a Mitsui slurry HDPE process to changes in the
reaction rate constant for catalyst inhibition for two different of the five active catalyst
sites.

Figure 29 shows the effect on the production rates for the two horizontal bed reactors
(represented as P1, P2 in the figureéORit the Innovene gaghase PP process by varying
the preexponential rate constant of propagation reaction for a particular active site.
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Figure 29. The sensitivity of the production rate from an Innovenepdase PP process
to changes in the propagation reaction rate constant.
2.5.4 Efficient Use of Software Tool: Design Specification

Design specification (design spec) is an inb@ot tool that supports process modeling
and kinetic estimation. While sensitivity analysis quantifies an increasing or a decreasing
trend of a production target when varying a reaction rate constant within a chosen range of
values, applying the design gpenables us to identify the reaction rate constant value
within the chosen range to reach a specific production target.

Design spec is particularly useful in converging models of polyolefin processes having
recycle loops. We can fix a particular radfoccomponents in a recycle stream and the model
can vary input flow rates to maintain the ratio. As an illustration, in the Spheripol PP
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Propene =

process (Appendix A.4), we can use a design spec to maintain the ratio of ethylene to
propylene in a recycle streamtd the fluidizedbed reactor where the stream is a
combination of the overall recycle stream and a feed of ethylene and hydrogen. Design
spec varies the flow rates of ethylene (comonomer) and the hydrogen to maintain the
desired ratio of ethylene and pytgne in the recycle stream. Similarly, we can use another
design spec for the recycle flow into the loop reactor by varying the flow of the propylene
and hydrogen in the feed stream. Figur@®3How a flowsheet of the Spheripol PP process
with the desig specs™.
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Figure 2.D. Spheripol PP process flowsheet indicating the design specification
Specifically, for the Spheripol PP model, we define the design specs as follows:
1) Design specification for the hydrogen mass fraction in the recycle streanmgnte
the loop reactor, while the manipulated variable is the rogkeydrogen flow rate
2) Design specification for ratio of propene to ethylene in the recycle stream entering
the fluidized bed reactor, while the manipulated variable is the flow rate aheth

Table 2.10 shows the design spec results.
Table 2.10: Design specification for the Spheripol PP process

Design Target Model Initial Vary | Final Vary | Range set
spec Value Result (kg/hr) (kg/hr) (kg/hr)

1 4 e5 3.9e5 0.1 0.16 0.01-10

2 0.5 0.48 1000 3250 5- 1000

2.5.5 Model Applications

A polyolefin process model validated by plant data can have many useful applications.
The model will be helpful for the capacity expansion of the current plant. The model will
also be useful in the process development stage for a new plant. We tla@ veledated
model to study the effect of changes in process variables on production targets.
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We can use the model to change certain production target, while maintaining the same
value for other targets. As an example, we can vary certain proceita@mto make
polymer grades of different MWNSs for the same throughput as shown in Figdre I2.1
shows a sensitivity analysis for the effect of changes in hydrogen flow rates on MWN,
while the production rate remains same for the UNIPOL LLDPE process.

In another application of model, we can increase the throughput, while keeping the same
MWN using design specification and we demonstrate this on the UNIPOL LLDPE process
as well. We use design specification to vary the hydrogen flow rate to kesgnteeVIWN
at 29000 approximately, while increasing the production rate of LLDPE from 2400 to 3200
kg/hr. Table 11 summarizes the results of the UNIPOL process design specification. Lastly,
when combined with process control and optimization techniquedidatea model can
be useful for polymer quality control and effective polymer grade changes.
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Figure 2.1. Sensitivity Analysis of the MWN and production rate on changes in hydrogen
flow rates on the Unipol LLDPE process
Table 2.11. Design specificatiorior the UNIPOL LLDPE process

Target MWN | Model MWN | Initial H2 flow | Final H2 | Range set
(kg/hr) flow (kg/hr)
(kg/hr)
29194 29217 4938 7515 30009000

2.6. Key Points in Modeling Some Industrial Polyolefin Process
2.6.1. Modeling Polymer Phase Equilibriumin Slurry HDPE Process

In the reactor, ethylene molecules react to form long polymer chains. In the slurry
process, the reactor temperature (70 to 85 °C) is below the melting point of the polymer
(140 °C). The polymer molecules solidify upon formatio cr eating a sl urry
the actual process, the solid polymer does not interact thermodynamically with the other
components in the reactor. Our primary assumption in phase calculations tisethat
polymer is dissolved in the liquid phase with sleévent as would be the case in solution
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polymerization of ethylene, where the reactor temperature would be above the melting
point of the polymer. Although this modeling simplification does not represent the
physical picture of what is happening in slarry polymerization of ethylene, the effect

of it on thermodynamic modeling is relatively small.In reference 2 Khare et. al. have
presented quantitative evidence to demonstrate that we can make this assumption without
undermining the robustness of tleactor model . The details of slurry HDPE model are
shown in Appendix A.2.

2.6.2. Modeling of Horizontal Stirred-Bed Gas Phase Reactor for PP manufacturing

During steadystate operation of the gas phase PP process, the polymer level remains
constant along the reactor length of the horizontal stirred bed reactor. The paddles along
the reactor agitate the polymer only mildly, and the solids are not fldidfzé he polymer
phase essentially experiences plug flow conditions along the reactor length. We can
simulate the plug flow situation by using several continuous stiargkireactors (CSTRS)
configured in series. Experimental studies on the residemeedistribution (RTD) of
polymers produced in horizontal stirrbdd reactors suggest that the polymer RTD is
equivalent to that produced by three to five CSTREach CSTR receives liquid and vapor
recycled from the overhead condenser, which includsfifmonomer and hydrogen. Only
the first CSTR receives fresh catalyst anecatalyst. The temperature and pressure are the
same for all zones.

The concept of residence time is significantly different between this situation and that
for multiple CSTRsin series. Furthermore, a residestcee calculation requires
knowledge of the volumetric holdup in the reactor. We cannot measure the volume holdup
very accurately because the paddles are always agitating the polymer and there is a void
fraction associad with the solid phase. Therefore, we do not use residence time as a
simulation target in the model and instead use reactor mass holdup. In the simulation, we
constrain the CSTRs to the same polymer mass to maintain the same level along the bed
length. Ths results in monotonically decreasing residence times for the four CSTRs
corresponding to a given stirrbedd reactor, which conforms to reported experimental
results®,
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RSPLT1

Figure 2.2. The front end of a twoeactor system for producing gasase PP poiyer

using stirreebed reactors (closddop).

Figure 2.2. showcases a part of the process flowsheet for the Horizontal Stirred bed Gas
phase PP process

2.6.3. Condensed Mode Modeling of UNIPOL LLDPE process

U. S. patents 454399A and 4588790 by Jenkins ef>#lpresent the concept of
condensed mode cooling in ethylene polymerization in a fluidieet reactor (FBR).
According to Jenkins et. al®® | condensed mode cooling in a FBR for an exothermic
polymerization reaction cools the recycle stream to below its dew point and returns the
resulting twephase fluid stream to the reactor in order to maintain the fluidized bed at a
desired temperature above the dew point of the recycle stream. This emséanttre yield
of polymer production, among other significant benefits. McKerdharesents a
comprehensive review and detailed analysis of condensed model cooing in ethylene
polymerization. He illustrates the concept of condensed mode cooling with a. We
summarize his basic analysis below.

Figure 2.5. An illustration of a fluidizeebed reactor (FBR) system for ethylene
polymerization under condensing mode operafionin the figure, ICA represents an
induced condensing agent.

First of all, we note tht heat removal is the number one factor limiting the production
rate of polyethylene on an industrial scale. For a fluidized polymerization reactor
system producing LLPDE and PP, such as the UNIPOL process of Fig@revighl
modeling details , McKerar*® notes that the melting point of a typical LLPDE is on the
order of 110°C, and a typical reactor operating temperature is 85°C to 95°C. Therefore, we
have a very little margin for error in terms of heat removal. In order to understand the tools
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available for maximizing the heat removal, we present a simple enthalpy balance around a
gasphase FBR by McKenna which after simplifying looks the same as below.

Y o) h h h S
(2.11)
Op AT B OERAl AABOOI AG® 0OA 0D ARMO OAAI
O O Edlitlet mass flow rate of the solid polymer stream

6 B 5 AT A j
OEEAAGADAABEEAR BARBOOD BIOARAAGO O BAA IAOEER IPDEA UDBOAAI
Yy BY; AYy, AT A
OEGRAT PAOA GERAIAIDOA B O OB G108 ADO O Achthe outlet solid polymer
stream, and the referent@mperature for the calculation of the enthalpy
U= the overall heat transfer coefficient
A = the surface area of contact between the reactor wall and the powder bed
“Yand'Y OEMAOA OGVCRRA O A @EEGA O ARIAD AEARAAAT |
0 OEN BAICEAKBRAAOBARROADT O A BIEINBEER AAOT O
'Y =the rate of reaction per unit volume of the reactor bed
w OEROT | DEERA A ALK A
YO =the overall enthalpy of polymerization

What can we learn from thaefining relationship for maximizing our polymer production
rate,’Y w e

(1) The reactor temperatuf Y vQkwvd) E AKD A © B O Odperating range for
producing LLPDE, as the melting temperature of LLPDE is about 110°C and higher bed
temperatee tends to promote softening and sticking of the polymer particles.

(2) It is difficult to increase the overall heat transfer coefficient between the reactor wall
and the powder bed. Increasing the gas velocity through the reactor may cause changes to
thefluidizing medium.

(3) This basically leaves changes to the heat capacity of the inlet process gas stream
and to the total enthalpy due to evaporation of any liquid in the reéctoras our
manipulative variables for maximizing the pawigr production.

The conclusion is that we can use the composition and phase conditions of the feed
stream (only the inert components obviously) to increase the amount of heat that can be
removed, thus increasing the polymer production rate.As illestratFigure2.15, the feed
to the bottom of the reactor below this distributor plate is composed of ethylene (monomer),
nitrogen (inert), comonomer, hydrogen (chain transfer agent) and at leastdoced
condensing agent (ICAhat is a partially liqueéd, chemically inert species. An ICA is
typically an alkane. Isomers of butane, pentane and hexane appear to be most common, as
referred to in the original patent&®”.
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2.7. Metallocene Polymerization Modeling

Till now we have only talked about Ziegler Natta catalyst we will briefly touch upon the
modeling using Metallocene catalysts. Polymerization kinetics using a metallocene catalyst
system include most of the reactions for Ziegletta catalysts desced in Section 2.2,
except for two differences. First, a metallocene catalyst system mostly exhibits only a
single active catalyst site, and results in a narrow molecular weight distribution. Second, a
metallocene catalyst system includes additional reaiimvolving terminal double bond
(TDB) end groups that are absent in the traditional Zidghdta polymerization kinetics.

Hagg, et al**have presented a generic reaction mechanism, reaction rate equations and
experimental reaction rate constantsr an EPDM (ethylene propylene diene)
terpolymerization using a metallocene Et(kzCl./MAO catalyst system. Since we do
not have ENB (ethylidene norbornene) in Aspen plus database we showcase a
methodology to produce EPM (ethylepmpylene copolymeinstead of EPDM with the
same kinetics.

Polymerization with a metallocene catalyst system typically leads to the formation of
long chain branching (LCB), but the LCB frequency is usually small. The long chain
branches likely result from chain propdgatreactions involving a growing polymer chain
and a terminal double bond on a dead polymer chain. Polymer chains with terminal double
bonds are formed by some of the chain transfer reactions. To form long chain branches,
the metal catalytic center muse lmpen to provide a favorable reactivity ratio for the
macromonomer.

Aspen Polymers tracks the concentration of TDB end groups on the dead polymer chains
through a segment called TDB Segment, which typically has one less hydrogen atom than
the relatedrepeated segment. We specify a C3H3B end segment (C3HB)
corresponding to a C3H6 SEG repeated segment (E3HBDB segments are generated
through chain transfer reactions and are consumed through the TDB polymerization
reaction as shown in equationds.

Pn + Dm -> Pn+m
Pn ,Pa+mare the active segment (C3#8C2H4R) and Dnis the TDB end segment (C3H5
TDB).

We set the TBErac greater than O for the chain transfer reactions so that TDB segment
could be formed. We can assume the rate corsstanTDB reaction same as propagation
reactions and use the TBiac as the estimation parameter. The TDB polymerization
reaction increases the Molecular Weight of the polymer.

2.8 Conclusions

In this chapter, we have demonstrated an effective melibgyl for estimating kinetic
parameters for ZiegleMatta polymerization for commercial processes producing
polyolefins, such as HDPE, PP and LLPDE. We consider the catalyst activation, initiation,
propagation, chain transfer, deactivation and other pahgpecific reactions. We have
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identified the reaction rate constants in Zieglatta polymerization kinetics that have
most significant impacts on common production targets, which greatly simplifies the
kinetic parameter estimation for simulation andimation models for polyolefin
processes from plant data.

Our methodology begins with a kinetic model considering a single active catalyst site,
followed by converting the sing®ite model into a model involving multiple active
catalyst sites. Wepply deconvolution analysis to characterize the GPC MWD data in order
to determine the most probable chain length distribution for each catalyst site assuming a
Flory distribution. The deconvolution analysis identifies the expected number of active
catalys sites together with the weight fraction and nursdnegrage molecular weight for
each active catalyst site.

We demonstrate an effective methodology to use efficient software tools, such as data
fit, sensitivity analysis and design specification in &s@dPolymers, tsimultaneously
estimate multiple reaction rate constants for Zieblatta kinetics to match several data
sets of production targets, such as production rates, MWN, SFRAC, etc. in a cemputer
aided stegby-step procedure. This differentiates our study from most of theiqars
studies whichsequentiallyestimate these reaction rate constants. Our methodology also
greatly simplifies the kinetic parameter estimation for the multisite model, in that we only
need to regresselecteckinetic parameters for the multisite modelorder to match the
plant data for PDI and related production targets, such as atactic fraction for PP production.

Our methodology results in part from our insights and experiences from applying our
methodology to several dozen commercial polyolgfin oces s es at t wo of
largest petrochemical companies in the AR&aific over the past two decades. Applying
our methodology using efficient software tools results in validated simulation and
optimization models that we can use to quantify clkarig process operations, process
capacity scaleip, polymer quality control, and product grade change, etc.

Our detailed supplements of modeling examples will be useful to practicing engineers
interested in applying process modeling and optimizatmrcammercial polyolefin
productionThus, overall we present here a methodology to make first principle polyolefins
models and if kinetic parameters are unknown we showcase a strategy to estimate
parameters which can also be considered as a basic hyhdte mich we will discuss
further in Chapter 5.

Symbols

# | & inactive catalyst

COCAT = cocatalyst

O =inactive polymer chain containing n segments

) # ! inhibited catalyst of site type i

Q = rate constant for activation of catalyst sjted i

Q= rate constant for forward hydrogen inhibition of catalyst site type i

43



Q = rate constant for chain initiation for catalyst site type i

Q= rate constant for chain propagation for catalyst site type i

QO = rate costant for reverse hydrogen inhibition of catalyst site type i

Q = rate constant for chain transfer to hydrogen for catalyst site type i

Q = rate constant for chain transfer to monomer for catalyst site type i

7Qﬁ = rate constant for tal chain propagation for monomer type j adding to segment
QO ;= rate constant for atactic chain propagation for catalyst site type i

M = monomer species

= monomer of type i
= activated catalyst site of type i

= Initiated catalyssite of type i
r= live polymer chain containing n segments attached to catalyst site type i

C2 Ca Ca2 C:
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Chapter 3: First-Principle Dynamic Modeling of Polyolefin Processes

3.1 Introduction

We can convert a steadyate polyolefin model to a dynamic model using Aspen
Dynamics. Dynamic models are useful in maximizing the safety, operability and
productivity of plants. During a dynamic simulation, we can manipulate operating variables
to change the feed conditions, introduce feed disturbances to test operability, and to
simulate feedstock changes or grade transitions. Thus, we can use the dynamic model to
vary process operating conditions with time for polymer grade transitions. The Aspen
Dynamics model has its own declarative language which allows us to write scripts to
perform tasks like changing process operating conditions. We use these tasks to schedule
polymer grade transitions at different time intervals. Thus, we can even simufdatdgita
from the model.

In this chapter we demonstrate the use of dynamic models for efficient grade transition
strategies for polyolefin processes. We also showcase the use-pfificsple dynamic
models to produce steady state resultspfedicting polymer quality and describe their
advantages and disadvantages for polymer quality predictions.

3.2.Polyolefin Grade Transition

One of the most important applications of dynamic process modeling in polymer
processes is for grade changbkeain quality indicators of polyolefin grades are the melt
index (MI) and density (1) . Taheeagemwleculari nde x i
weight (MWW), while the density is a function of MWW as well as SFRAC (mole fraction
of coomonomer) as exXained in chapter 2.

Most polyolefin processes have a wide range of polymer grades with many applications.
Thus, efficient grade transition is an important consideration for optimization of polymer
processes to improve process economics. Polyoleficepses can be used for different
applications by changing their physical properties like melt index and density. We vary
these physical properties by changing the process operating conditions hence grade
transition is critical as we change process conltito make a new polymer grade. The
most important requirements of an efficient grade transition are (1) we need to conduct the
grade transition process swiftly and (2) we need to minimizspstification production.

Thus, by reducing ofspec materialhere is significant reduction in production cost of
polyolefins as well. The most important parameters that determine the grade transition
performance of a process are reactor design, residence time, runtime per batch, and
residence time distribution ofétpolymer, gas and/or solution phase.

Debling et. al. did a study on grade transition strategies for polyolefin processes and
compared that for different polyolefin processes in terms of thepaft products produced
during grade transitioh.The different grade transition strategies mainly includes a

48



combination of techniques like overshoot of hydrogen, monomer rates, quick venting to
change composition of reactor gas quickly and-teidventorying etc. depending on the
polyolefin process. They showeddferent combination of grade transition strategies being
useful for different processes. Takeda et? alpplied optimal grade transition strategies
for polyolefin reactors. Ben Amor et. &have showcased the application of real time
optimization tonon linear model control of a polymer grade transition. Similarly, Shi and
Biegler # applied dynamic optimization to reduce off spec material and transition time.
Prata et. al® integrated scheduling and dynamic optimization of grade transition for a
cortinuous polymer process.

3.3. Grade Change for Series Flow Slurry HDPE Process

We showcase how to implement gradt&nge operations applied to HDPE productions.

Step 1. Making the steaebfate simulation model ready for conversion to a dynamic
simulatian model.

Step 2. Converting to a dynamic model (shown in figure 3.1)

Step 3. Our next step is to make initial adjustments to the Aspen Dynamics (AD) model,
focusing on: (1) rigorous property option; (2) polymer attributes for streams and blocks; (3)
heat dities and temperatures; (4) calculation of derived polymer attributes; and (5) revising
the control scheme setup.

Step 5. We can fine tune the controller using heuristics and controller tuning (Appendix
B.2)

Step 6. Simulating HDPE grade change.

We will focus on step 6, which highlights the grade change operations.
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Figure 3.1 The dynamic simulation flowsheet of HDPE series process
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Table 3.1 summarizes the key process and quality variable

Table 3.1 Process and quality variablesstarry HDPEprocess

Process Description

variable

c21 Ethylene monomer flow in the feed to the first reactor (kg/
H21 Hydrogen flow in the feed to the first reactor (kg/hr)

CAT Catalyst flow to the first reactor (kg/hr)

HX1 Solvent (Rhexane) flow to the firgteactor (kg/hr)

C42 1-Butene cemonomer flow to the second reactor (kg/hr)
Cc22 Ethylene monomer flow to the second reactor (kg/hr)

H22 Hydrogen flow to the second reactor (kg/hr)

HX2 Solvent (Rhexane) flow to the second reactor (kg/hr)
Quality Description

variable

MWW Weightaverage molecular weight of polymer in outlet stre
SFRAC Co-monomer fraction in outlet polymer

Rate_pol Polymer flow rate in outlet stream

For the purpose of demonstrating grade change for this case we only aygirigen flow
(H21, H22) and the comonomer flow(C42) here keeping rest of the variables same. The
details of the grade change operations are shown in table 3.2. We can simulate tasks in AD

as shown in figure 3.2.

Table 3.2 Values of process variables fradgs 1 to 4or slurry HDPE process

Current | Grade 1| Grade | Grade | Grade 4
2 3
Tasks G1t¢ @0 hr | G1 G2 G3 G4
G4 run at @5 hr | @40 hry @80 hnn @120 h
H21, kg/hr | 8 4 4 10 10
H22, kg/hr | 1 0.5 0.5 0.75 0.75
C42, kg/hr | 1000 1000 750 750 900

Basically in task Gl, the

command

SRAMP( St r

flow rate of stream H21 according to the shape of a sinusoidal curve to 4 kg/hr over an

interval of 4 time units.
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Figure 3.2. Specification of task &34

Following Figue 3.2 and Table 3.2, we complete the specifications of tasks G2 to G4 in the
same way.We create the plots for calculated process quality variables, such as melt index
and copolymer density, based on empirical correlations suggested by Sir@peaicificaly,

we correlate plant data for melt index (Ml) as a function of the weigbtage molecular
weight (MWW) of the HDPE product according to the equation:

00 8.0 00— - (3.1)

For illustrative purposes, we assume A_MIGLB_ Ml =-5.14 and C_MI = 1e5. When
plant data for Ml are available, the reader can regress new values of A_MI and B_MI.
Additionally, we correlate the copolymer density (DENSITY) by the equation:

000 YOY#wwe 0 O0YOYGPp T (3.2)
where SFRAC_Comonomer is the mole fraction of segments of the comonomer, butene

(CsHsg), and the assumed correlation parameters A_DN = 0.02386 and B_DN = 0.514.We
implement these correlations in Aspen Dynamic constraints as shown in figure 3.3.
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" Constraints - Flowsheet * EIIEI

1 CONSTRAINTS
2 f Flowsheet variables and sguations...
3
4
L L MI as realparameter (901):
& B _MI as realparameter(-5.14});
7 C MI as realparamster (le3);
a
9 Melt Index as positive;
10
11
12 L DN as realparameter(0.0232&)
13 BE_DN as realparameter(0.514);
14
15 Density as dens_mass (Descripticon:™copolymer density™)r
16
17
1= Melt Index = A MI¥ (STRELMS ("RZ0UT") .mww/C MI)~B_MI:
19
20 Density = 0.966 — A _DN* { (STREAMS ("R20UT") .sfrac("R-C4HE")*100) ) ~B_DN;
21
22 END
23
< >

Figure 3.3. Specification of the flowsheet constraints, MI and copolymer density
correlations.

We perform the grade changes with the process variables changes acatben¢asks,
specified in the figure 3.3. Figures 3.4 and 5.5 illustrate the changes in mass flow rates for
producing grades G1 to G4 and the resulting polymer Melt Index and Density.
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Figure 3.4. Evolution of R1 feed mass flow rates for producing grdde to G4
beginning at 24, 120, 240 and 360 hr, respectively.
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Figure 3.5Evolution of the computed melt index and copolymer density.

3.4. Dynamic Simulation and Control of a Commercial Slurry HDPE Process Using
H2/C2 Ratio

We demonstrate how to control the HDPE process using H2/C2 ratio in vapor flow. This
ratio is also used in industry as a basis of polymer grade change. We simufatestrial
HDPE reactor process with a single reactor and recycle with heat exchangers and
compressors. We list the steps below for making the model and explain the ratio controller
in detalil.

Step 1. Converting a steadtate simulation model to a dyn& simulation model with the
process flowsheet without adding the ratio controllers is shown in figure 3.6.

Step 2. Initial adjustment of the model by using the Polymer attributes for streams and
blocks. We also implement reactor level control using raeical weir which we define

using tasks.

Step 3. Improvement of reactor temperature controller by computing the pressure for the
outlet of heat exchanger and also delete pressure controller.

Step 5. Add a Hydrogen/Ethylene ratio controller in the recysilegua ratio block which

we will be explained in detail here.
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Figure 3.6 The starting dynamic simulation flowsheet

There is a controller that manipulates the feed rate of hydrogen and the purge rate from
vessel D205 to maintain the hydroggthylene ratio in the recycle gas. The process variable
for this controller is the hydrogegthylene ratio in the recyclgas stream. We introduce
three blocks to the dynamic model when implementing this controller.
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Figure 3.7 Adding a hydrogen/ettene ratio controller to the recycle gas
The first block is a Ratio block, which computes the ratio of the mole flow of hydrogen,

STREAMS(in205Vo0) . Fcn(fAH20) as I nput
TREAMS(A205V0). Fcn(nNnC2H40) eans205V.Mipewcdantroer i n
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output is the computed mole ratio of hydrogen to ethylene. The second block is a PID
controller that accepts the hydrogen/ethylene ratio from the ratio block. We name the

controller as H2C2, and specify its controller action aense. We set the proportional gain

and integral time according to those for composition controllers. The PID output signal
specifies the mass split fraction of the purge stream exiting the flow splitter S2,

BLOCKS(AS20).sf (iAPURGEO andWets for gantnollets iH2C2,f ac e p |
D205 LC and D201 _TC, make initialization and steathte runs, and then make a

dynamic run to pause at 10 hr. We tune the controller according to the procedure in appendix

B.2 For the H2C2 controller, we find the curremihg parameters are: Gain= 30.97225

%/%, and integral time = 77.47908 min.

Now we specifically test the critical PID H2/C2 controller against a change in input

et hyl ene

fl

ow

rate

(STREAMS(AC20) . FmR.

We

7500kg/hr to 9000 kg/hr; (2) the specified catalyst total mass flow rate from 49.206 kg/hr
to 60 kg/hr, and (3) the specified propylene total mass flow rate from 85 kg/hr to 100 kg/hr

. We run the controllers to pause at 40 hr. Figure shows the performats€elpe process

output curve matches the set point curve closely after the disturbance hence, the control
strategy can be termed as stable.
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Figure 3.8 Performance of controllers after increasing ethylene mass flow rate to

9000 kg/hr, catalyst mafisw rate to 60 kg/hr and C3 mass flow rate to 100 kg/hr.

3.5. Dynamic Simulation and Control of a GasPhase FluidizedBed Process for

Producing LLPDE in Condensed Mode Operation

We want to show how to implement various control schemes in-plgee fluidized

bed process for producing LLPDE in a condensed mode operation. We specifically

demonstrate the reactor pressure control using araplie controller. We follow the same
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step for converting the steady state model to a dynamic model and figure 3.9 shows the
resulting flowsheet with the added default controllers.

SPUT

{recvz | —-— [Purce | =
Cﬁ compP

[recv ]

D) oo

RECYCLE
[ | FEED - - FEED1

MIX

Figure 3.9 Dynamic simulation flowsheet with default controllers

As the RECY1 vapor recycle molar flawate tends to increase, leading to an increase in
the reactor pressure, we need a better control scheme for the reactor pressure. We want to
introduce the use o& split-range (SR) controller for our reactor pressure control.
Referring to Figure 3.10, wes that valve A opens when the controller output goes from 0
to 50%, and valve B opens when the controller output goes from 51 to 100%.

Figure 3.11 shows a modified flowsheet where we have added-sasié controller,
where the PC controller ouipt , BLOCKS(AREACT_ _PCo) , becomes
controller. When this PC controller output is between 0 to 50%, the manipulated variable
for the PC controller is the mass flow rate of N2 in the FEED stream,
STREAMS(AFEEDO) . Fmc R( fnu@dhetweewhto H@kghraVhene i s b
this PC controller output is between 51 to 100%, the manipulated variable for the PC
controller is the split fraction for the PU
whose value is bounded between@ B 0.1. We follav the path: Controller SplitRange
Rightc | i ¢ k {» Eanfigors: 8ee Figure 3.12.

Fully Valve A
= Open \
=
8 Valve B
o
(<)
=
S

Fully

Closed
(0} 100

Controller Output, %
Figure 3.10 An illustration of a splitrange (SR) controller
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Figure 3.11A modified dynamic process simulation flowsheet with a splitge controller

K] SplitRange.Configure Table | — || (=] ||i&|
Description Value Units

Qutput1Action [Action for Output 1 Reverse

Cutput TMin Minimum value of Cutput 1 0.0 kalhr

Output 1Max Maximum value of Output 1 100.0 kgthr

Cutput1inMin | Value of input above which Output 1 starts to change 0.0

Cutput1infazx | Walue of input above which COutput 1 stops changing 50.0

Output2Action |Action for Output 2 Direct

Cutput2Min Minimum value of Output 2 1.e-006

Output2Max Maximum value of Output 2 0.1

Output2inMin - |Value of input above which Output 2 starts to change 50.0

Cutput2infax | Walue of input above which COutput 2 stops changing 100.0

Figure3.12 The configuration specifications of the sgliinge controller.

We run the dynamic simulation to pause at 5 hr. Figure 3.13 show that the controllers
perform correctly. We change the FEED pressure from 30 bar to 25 bar. changes. We then
run thedynamic simulation to pause at 15 hr. Figure displays that in response to the FEED
pressure decrease from 30 to 25 bar, the pressure controller performs correctly. As the
controller output is at 12.75%, the SR controller activates increase of the N2anasde
from 25 to 46.4267 kg/hr, while keeping the PURGE split fraction unchanged and the
reactor pressure at the set point of 21.6975 bar.
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Figure 3.13 Keeping the reactor pressure at 21.6975 bar by increasing the mass flow rate
of N2 from 25 to 46.4267 kg/hr as determined through aspige controller.

3.6. Dynamic Simulation and Control of a Slurry HDPE Process Using an Inferential
Controller

3.6.1 Objective:

The objective of this application is to develop an inferential control for melt index (M)
measurement in a HDPE production process. The controller controls the MI to target and
minimize the difference between the target and measurkedradlies during grade
transitions. We perform grade transition of the polymer for different Ml values using the
inferential controller, and we also try to improve the controller to minimize thepeit
product.

3.6.2 Inferential Control Theory and RecentApplications

In many industrial processes, it is difficult to measure certain product quality targets. In
such cases, we measure some secondary process outputs in order to correlate the product
quality with primary outputs for quality control. The afiloinal measurement of the
secondary output gives an inference on the key unmeasured variables, which is often called
inferential control’.

Inferential controllers use simple models to predict the controlled variables using plant
measurements such as raw material feed rates and reactor temperature. Once a
measurement is available for the controlled variable, we compare the measurement with
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the model prediction to adjust the model. The model can then recommend a new control
action.

In one of the first applications of inferential controllers, Joseph and Brodpply the
inferential control to adjust the column temperature in a patnolprocess. They build
steadystate and dynamic inferential control systelnBarrish and Brosilow showcase
how inferential controller performs better than a cascade PID controller when applied to
heat exchanger and industrial reactor control.

In a recent application, Wang et &l.use the inferential control for temperature and
simultaneous composition control of a divided wall column. Behtboge the inferential
control for controlling the product quality of crude oil distillation using sastic
optimization. Choi et. al? apply the inferential control for controlling the grade transition
in pulping process. Durr et. #l.use the inferential control for controlling the quality of
produced granules in a fluidizdmkd process. Nikhil et. &P apply the inferential control
to control a fermentation process by maintaining product ethanol concentrations.

In polymer processes, the product quality measurements, such as melt index, are sparse
and not very accurate. Therefore, control becamesrtant for reaching the quality target.

Ml is dependent on the hydrogen flow rate, which becomes an important manipulated
variable. However, using a traditional feedback controller is inefficient, because the plant
will only measure the MI of the prodtionce every six hours, and there is a long time delay
between where the hydrogen is fed to where the Ml is measured. That is why we need an
inferential controller for M. Ogawa et. &f use the inferential control for quality control

of a HDPE procesm one of the earliest applications to polymer processes. Oshima and
Tanigaki'’ apply the inferential control for optimal grade change control.

3.6.3. HDPE Process Description and Stead$tate Model Empirical Correlation

We consider a single CSTR forodeling the HDPE process. With a HDPE production
rate of 5 metric ton (MT) per hour and with a product grades of 1 to 20, we wish to optimize
the grade transition while minimizing the amount ofggec product. The HDPE process
also consists of a cerfige and extruder, which we do not model. This follows because
we can approximate the MI from the downstream equipment by the Ml value at the reactor
outlet by considering the time delay.

We first make a steaelstate HDPE model with a single CSTR., tiig 3.14 shows a
simplified HDPE process flowsheet with a single reactor and a flash drum. Ml is dependent
on the hydrogen feed flow, which represents an inferential variable. We use the model to
determine an empirical correlation of Ml with hydrogen féed rate by simulating data
with different hydrogen flow rates, keeping other variables same and calculate the product
Ml value.

We approximate the steagyate MI data given by the following empirical equation:

I11-) o% g0l o8 pu (3.3
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We refer to this steadstate Mj as the instantaneous MI, which a function of the hydrogen

is feed flow rate (b). Based on the steadyate model, we can calculate the hydrogen feed
flow value for a parcular Ml grade.

POLY

Figure 3.14A simplified steadystate flowsheet for a slurry HDPE process.

We convert the steaestate model to a dynamic model as shown in Figure 3.15. We save
the dynamic simulation file, and the property file as. We leave the ltefautroller
settings for the temperature (R1_TC) and level control (R1_LC), but delete the pressure
controller since it is not critical for the liqujghase reactor.

&

POLY

&

Figure 3.15. Dynamic HDPE process flowsheet

We consider the industrial correlatt§of the melt index (MI) as function of the Molecular
Weight (MWW) to calculate the reactor outlet Ml and assume that as the plant data.
0D QU@ QQp p pdT) ww © (3.4)

We enter the MI correlation as a flowsheet constraint within ADsAS:

# Plant model (industrial MI correlation)

A_MI as realparameter(11152.5);

B_MI as realparameter(3.472);

Plant_MI as positive;

Melt_Index = (A_MI/(STREAMS("R10UT").MWW))Y*B_MI;
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where A_MI, B_MI are the parameters and STREAMS("R10UT"), and MWW s the
weightaverage molecular weight of the polymer at the reactor outlet.

3.6.4. Grade Change Transition Using Basic HBased Controller

The basic traditional methodology of grade change is to change the grades by changing
the hydrogen feed flow raterdim the steadgtate model, we calculate the H2 feed flow
value to produce a particular polymer MI. So in order to change the grade from Ml of value
10 to 20, we increase the hydrogen flow rate from 5.41 kg/hr to 6.68 kg/hr, with the steady
state values dhined from the model to reach the respective M| value. we define the
following task to increase H2 flow (STREAMS("H2").FmR) in minimum time ( 0.1 hr).
#Task for grade change using basic control using H2 feed flow rate
Task M1 runs at 5
SRamp (STREAMS("H2'FmR,6.68,0.1);
End

This basic control grade change process will lead to grade change, but with a constant
H2-setpointbased control, the transition will be slower leading to much larger amount of
off-spec product. For the mentioned grade change,atheunt offspec material is
approximately 75 metric tons (MT) in 15 hours as shown in Figure 3.16. Therefore,
introducing an inferential control would become useful in reducing thepeft material,
as it constantly updates the hydrogen setpoint basatieonontroller error difference
between the cumulative MI and the target MI.
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——c— Melt_Index
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90 100 110 120

e

i) 50 10.0 15.0 200 250 300 350 40.C

Figure 3.16Grade change using F&tpointbased controller
3.6.5. Openloop Inferential Controller Using Dynamic Model

To find a dynamic inferential control relation, we use the methodology showcased by
Ogawa et. al.to calculate the cumulative Ml exiting the reactor. They derive the ordinary
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differential equation (ODE) using mass balance, quantifying the relatiovedetthe
instantaneous MI and the cumulative MI formed at the exit of the reactor

—1 TiI¢Loo —11TWI00 (3.5

where the Miis the instantaneous MI and N the cumulative Ml at the exit of the reactor.
We substitute Eq(3.3) into Eqg. (3.5) to calculate the cumulative MI and then use the
dynamic model t o t)uandebuilt dnénfertertiahentrollernst ant ( U

We model the inferential controller by simulating the dynamic differential equation (3.5)
and try b iterate for an appropriate value of time constant so that the inferential model
matches the plant Ml correlation (3.4) with error less than 5% described by the industrial
correlation. We find a value of time constant of 4.077 hours gives a good mateebet
plant and model values as shown in figure 3.14. By substituting Eq. (3.4) into Eq. (3.5) and
considering value of time constant, we find the inferential model ODE as Eq. (3.6):

S— O QOpE0  oR p U 1 00 (3.6)

Ml gives the cumulative Ml at the exit of the reactor and its logarithm is defined as log_mi
in the AD tasks. The hydrogen feed flow rate »)(His represented by
STREAMS("H2").FmR in the AD model. It is defined this way since AD does not allow
the logarithm of aifferential.

The flowsheet constraint commands for simulating the differential equation model are
given below:

#0Open Loop Inferential Model ODE

log_mi as realvariable;

$log_mi = (1/4.0775)*((3.266*LOGe(STREAMS("H2").FmR)B.2157- log_mi);
predicted_mas realvariable;

predicted_mi = EXP(log_mi);

In order to compare the MI values and iterate value for the time constant for an open
loop controller, we perform grade transition by changing the values of H2 feed flow for
grades of Ml 1, 10, 20 by creéa task as explained previously. We change the grades by
using tasks to change H2 flow rate (Streams("H2").FmR) at 2 hrs to 5.46 kg/hr and at 25
hrs to 2.67 kg/hr, respectively, as explained previously. We set the H2 flow rate as a fixed
variable prior tamplementing the task.

Figure 3.17 compares MI values from the opmop inferential control with the actual
correlationbased Ml values at a time constant of 4.07 hr, resulting in a lowest error of 3%.
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Figure 3.17 Comparison of MI values from the ap®op inferential control Mi
(predicted_MI) with the actual correlatidrased MI (Melt_Index) (time constant = 4.07
hours)
3.6.6. ClosedLoop Inferential Controller

In order to automate the inferential controller, we need a clleggdcontroller usig
the opeAoop model ODE. This allows us to input a target Ml, so that the inferential model
can calculate the control action accordindlyorder to form the closeldop inferential
model, we need to discretize the inferential control ODE using the Enééhod and
simplify to get the following equation:

[Ne! 1100710 ph8ixz o upEQ; og pul 1O
(3.7)

where Mlagetis the fixed target Ml that the controller need to achieve angdisvithe
cumulative Mlat the exit of the reactor. We use the same -¢pem time constant 4.07hr
for the closedoop discretized ODE. Thus, Eq. (3.7) closes the loop since by inputting a
given target M, it continuously baatalculates the hydrogen setpoint which can then be
used to equate to the hydrogen flow rate resulting in the inferential control action. The time
intervalppt i s a fixed parameter that can be used
We enter the closelop inferential control as a flowsheet constraint within AD.
Closed Loop Inferential Control
target_mi as realvariable(fixed,1);
delta_t as realvariable(fixed, 1);
h2_setpoint as realvariable(free);
(LOGe(target_mHog_mi)/delta_t= (1/4.0775)*((3.2667*LOGe(h2_setpoint)B.2157-
log_mi);
h2_setpoint= STREAMS("H2").FmR;
The variable as defined in the constraint lliieigetas target_mi, Log(MJ) as log_mi
Ytasdelta tWe create a new var i abasafixedsaridbleahd 6t ar ge
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use log_mi as the initial variable condition for the discretized ODE. Also make
Streams("H2").FmR as a free variable since it is equal to the H2 setpoint.
Figure 3.18 shows all the three flowsheet constraints f.

i o |[@ ][22 ] | B LocalVariables Table =N ==
1 2 ~ Value Spec
2 fine power law relationship T 11162.5
3 L MI as realparameter(ll .

— > B_MI 3.472
4 B_MI as realparameter({3.472); T 0t T 1
5 Melt_Index as positiver e ype
6 Melt_Index = (A_MI/(STREAMS("R1OUT").mew))“B_MI; Erricna 0.0312761 Fixed
7 delta_t 1.0 Fixed
8 natural ivative term for ODE h2_setpoint 539428 Free
5 //1og MI Tndex) ; log_mi 2 30259 Iniial
10 Melt_Index
11 //define dynamic cumulative model ODE -- to get predicted MI for error and comparison predicted_mi 10.0 Free
1z log_mi as realvariable; target_mi 10.0 Fixed
13 $log mi = (1/4.0775)*({(3.2667¥L0G= (STREAMS ("H2").FoR)) - 3.2157 - log mi); Userhotes
14 predicted mi as realvariable;
15 predicted mi = EXP(log mi);
18
17 //Set target MI
18 target_mi as realvariable(fixed, 1)
19 delta_t as realvariable(fixed, 1); //This delta t was changesd to 1 to optimize the waste limit
20
21 //Calculate Control Action - H2
22 h2_setpoint as realvariable(free):
23
24 (LOGe {target_mi)-log mi) /delta_t = (1/4.0775)%((3.2667*10Ge (h2_setpoint]) - 3.2157 - log mi);
25
26 h2_setpoint= STREAMS("H2").FmR;
27
28 END v
<l >

Figure 3.18Snashot of the overall constraints and the local variable specification

We simulate a grade change from 10 to 20 using AD tasks. The grade change for the Mi
happens in 5 hrs with only 25 metric ton (MT) of-effec material. Figure 3.19 illustrates
the nferential model prediction for grade change. Theogrdinate, predicted_mi,
represents predicted MI value by the inferential controller.
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Figure 3.19MI grade change from 10 to 20 using Inferential Control

Thus, we can compare the grade changetaulee inferential control Melt Index with
the basic constant hydrogen flow based control resulting in faster grade transition in
inferential control (5hrs) compared to basic control (15 hrs). Figure 3.20 illustrates that the
inferential control reduces feépec material by 50 metric ton (MT) and by 10 hours to
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reach the new MI target. Hence, we have showcased the utility of inferential control for
polymer grade change.

25
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3asic Control

Melt Index
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Figure 3.20 Comparison of grade change process using the inferential control Wwéhithe
H2-based control
3.7. Using First Principle Dynamic models as polymer quality sensors

We can use the firgirinciple dynamic model to simulate polymer quality
characteristics. Let us consider the prediction of Ml from a slurry HDPE processwith
reactors in parallel using actual plant data from LG Petrochemicals in South Korea by Park
et. al. 1° where they correlate the MI data by considering the following independent
variables: (1) C2: monomer ethylene feed flow rate; (2) C4: comono+bheteie flow
rate; (3) CAT: catalyst flow rat; (4) H2: chairansfer agent hydrogen flow rate; (5) HX:
solvent rRhexane flow rate; (6) H2/C2: ratio of feed flow rates of H2 and C2; (7) T: reactor
temperature; and (8) P: reactor pressure.

We convert a stefy-state simulation model based on Aspen Plus to a dynamic (time
dependent) simulation model using Aspen Plus Dynamics. The resulting dynamic
simulation model has similar independent variables as explained before. Bothstégady
and dynamic simulation odels are developed from first principles such as phase
equilibrium calculations and mass and energy balances. Therefore, they are scientifically
consistent models. The methodology of simulation of plant data using dynamic process
model is summarized in gure 3.21.
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Figure 3.21. Methodology of simulating plant data from dynamic model
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Figure 3.2. Comparison of Ml predictions of the firptinciple model and plant data

Figure 3.2. compares the predictions of the fiinciplebased dynamic simulation
model (in green) with the plant data with grade transitions (in blue). We see much deviation
between the model predictions and the plant data. The accuracy of prediction deceeases du
to non-idealities and model assumptions. Also, for this particular case we also depend on
the accuracy of the empirical correlation for Ml since the dynamic model calculates MWW

and we use that value to calculate MWW.

3.8. Conclusion

The first principle dynamic models are suitable for process development, optimization
and control. The first principle model worked better for predicting steady state quality data

seen in chapter 2 but not so accurate for predicting dynamic polymigy @sashown in

figure. Hence, the dafaased sensors based on Machine Learning techniques becomes
more useful for such applications. Although first principle models are known to be much

better at predicting beyond the operating range compared tbha®thMachine Learning
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models. In further chapters we will compare these results to aalameldatebased model
and hybrid models and showcase their advantages and limitations.
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Chapter 4: Application of Machine Learning and Multivariate Statistics for Polymer
Process Data Analytics

4.1 Introduction

Data analytics have been known to be useful for chemical process industry. With the
advancements in machine learning (ML) other years its application for chemical process
data analytics have been known to be particularly useful and profitable for the industry.
Some of the major applications of process data analytics are in buildinbadatd soft
sensors for quality predictipmonitoring and control. Data Analytics is also instrumental
in detection of process anomalies. Beginning in late 1980 to early 1990, chemical engineers
have been paying greater attention to the emerging topics of artificial intelligence, neural
computing machine learning and big data analytics, and their applications to bioprocessing
and chemical industries 2 >4 3, In particular, McGregor and others have demonstrated
the significant applications of multivariate statistical analysis and big data analytics to
optimizing the manufacturing of LDPE, HDPE, Nylon 6 and other polyniérs
Multivariate statistical analyst ° 1% and its implementation using Python,R or softwares
like Aspen ProMV, SAS, JMP etc. find many applications to polymer manufacturing, such
as: (1) data quality deviation analysis; (2) unit yield analysis; (3) production capacity
degradation angsis; (4) offline production optimization (discovery and optimization of
key variables); (5) online process monitoring and troubleshooting; and (6) batch process
variable analysis.

Qin discusses about the 4Vs of big data from the process data analytic point &f view

Volume There is massive process data available from process operation databases due to
digital control systems.

Velocity. Most of the data is time sensitive atidis fault diagnosis using latent variable
multivariate methods and time series analysis of data becomes useful for analysis.

Variety: Depending on the manufacturing process, there are different variety of process
data available like equipmebtised continous sensebased process measurements; lab
based quality data.

Veracity Use of multivariate statistics and machine learning methods for accurate
predictive and causal analysis of process data.

Qin and Chiang? have emphasized on the attributes resifor process data analytics
using ML methods. First is the importance of utilizing process knowledge or first principle
models for accurate analysis. Second is the importance of considering the process
uncertainties due to measurement errors and otirerdealities in the prediction. Lastly,
the process data analysis should provide interpretable solutions to provide
recommendations for manufacturing.
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Ge et al. discuss the main steps of process data analytics in theit. $tirdlystep is the
data preparation and collection of data from historical sources. Next comes the
preprocessing of data for dealing with any missing data or inconsistency in data. Next we
deal with appropriate machine learning model sections, its training and performance
evaluaion. Lastly comes the analysis of results based on its applications. They classify the
machine learning models for process data analysis into four main applications including
dimensionality reduction, outlier detection, process monitoring and data vatigadizin
their review Shang and Ydd highlight the application of ML, especially reinforcement
learning for optimal process control. ML have also been applied to predict property
parameters by aiding molecular simulations which also indirectly hetfiemical process
data analytics* Similarly ML has been useful for catalyst design and discovery which aids
process data analyti€s Ning and You'® highlight the use of machine learning for process
optimization under process uncertainty.

Specificdly, for polymer processes, data analytics is critical since the polymer quality
measurements like polymer melt index (MI), molecular weight, etc. are usually less
frequent compared to the continuous process variable measurements, hence the use of data
basd sensors become usetdl In this chapter, we showcase the use of predictive ML
models like neural networks and ensentidsed regressors for predicting polymer quality
indicators. We also demonstrate the utility of causal models like partial leasesdqoa
study the causal effect of the process parameters on the polymer quality variables. We
make use of anomaly detection methods as well to identify the process outliers and also
the reasons for their outlier behavior.

4.2 An Overview of Relevant Madine Learning Concepts and Models

In the context of process data analytics majority of ML applicationssupervised
learningtechniques, which basically means that your dependent variable and independent
variables are available in the data. Usuatly frocess data the independent variable (X)
are the process input variables and operating conditions like feed flows, temperature,
pressure etc., the dependent variable (Y) are the process outputs and product quality
measurements like concentrations, malar weights, density etc. For most supervised
learning applications like process monitoring control, soft sensors, weegsession
models to fit an empirical model for any of process outputs/product quality as a function
of the process inputs. For sorapplications, we might also need to udassification
modelsfor example, to classify some product batches given the product data labels.

Most supervised learning algorithms dealing with process data analysis can be classified
into two major categees of predictive and causal models. Popular machine learning
models are known for predictive modelindeural Networks (NNare one of the most
popular algorithms that are known to give highest prediction accuracy. They are made up
of interconnected nodes that process information by its dynamic state to externat inputs.
These are known to be kind of black box models whicmaibrequire much feature
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engineering and can predict the output with high accuracy. The concept of neural network
was first presented by Walter Mitts in 1943 and since then the field has had many
advancements. With the availability of computational resesjrdeep learning with many
layers of NN have become popular which tend to give more accurate and generalized
predictions. LeCun et. al® have described how multiple layers of deep neural network
models help to learn big data accurately and have lbeeakthrough in various areas like
speech recognition, image recognition, object detection, drug discovery. They identify the
importance of the backpropagation algorithm in learning many parameters in deep
learning. Similarly, there are many other convemal algorithms like Ridge/Lass8,
Support Vector Machine®, Decision Tree?! etc. which can be used for predictive
modeling.

There are also other supervised learning predictive models available which can combine
some of the individual models i.@ombining some of the weak learner/models to improve
prediction which are known ansemblenodels. Schapir€ presented a theoretical proof
that weak learners can be boosted to become strong leeBaggingis the ensemble
technique for combining tharedictions of a model trained on random subsets of the data.
The predictions are usually combined by averaging for regression and voting for
classification. A popular bagging algorithm tise random forest algorithmd® using
multiple decision treesBoosing is a sequential technique where present model attempts
to correct the errors of the previous mo@rhadient Boostings one of the popular boosting
models based on decision tréésXgboost is an extreme form of Gradient boosting is a
very efficientand scalable implementation of the gradient boosting algdfith8tacked
regressiort® is an ensemble technique which combines base learner models, the output of
which are input to a second level learner model.

Multivariate statistical methods witn makes the use of latent variables are best suited
for causal analysis to find the effect of multiple input/features on the output. Partial least
squares’ (PLS) are one of the popular latent variable models for causal analysis that brings
out the caus and effect relation in the independent (X) and the dependent Y variables. PLS
provides a unique result unlike other data analytic models, since it simultaneously models
the X and Y spaces. PLS is a latent variable (LV) model that provide causal mddets in
dimensional LV space. These models can be used to actively alter the process to
troubleshoot, optimize and control the process. They can give interpretable results, for any
active changes in the manipulated variable, the model will reliably prediobutput.
Probabilistic models like Bayesian networks are also useful in identifying multiple causal
relationships?®,

Unsupervised Learningiethods are useful when we have process data measurements
(X) readily available, but do not have the qualityasirements. Thus, we can use these
methods to find patterns from the process data which can be useful for applications like
fault diagnosis. A large data set with many variables termed as high dimensional data is
expensive and difficult to analyze. Unsugeed learning methods can also be useful for
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dimensional reduction. Principle Component Analysis (P&As one of the popular
dimensional reduction algorithms which have the ability to reduce the dimensionality of
the monitoring space by projecting ihéormation in the data into lomdimensional spaces
defined by a few latent variables and still retaining the maximum variance of the original
dataset quality. As we will showcase later in the chapter PCA is also useful for anomaly
detection.

Semi Supervised learningmethods can also be useful for process data analytics,
especially for polymer processes where the output quality measurements (Y) are measured
at lower frequency compared to the input process variables (XJjtr&eihg methods like
pseua-labeling by entropy minimization can be used for ssugervised learning.

There are also Generative ML models which can be used to generate more data. Generative
Adversarial Networks! (GAN) is one of the popular generative models which consists of
two main models the generator which generates fake data and the discriminator which
classifies real or fake dat&einforcement learningnethods are emerging to be very
popular in robotics/gaming , where an agent learns behavior through trial erroxdionera

in a dynamic environmerit.Reinforcement learning has also found application in process
control and optimization as weft.

Figure 4.1 summarizes the classification of ML models.

Machine Learning

methods
Unsupervised =2l Reinforcement
Supervised Learning P . Supervised .
Learning . Learning
Learning
Y
: Clusterin i "
Types Regression, Di . & | Gengrlaftwe, Positive,
Classification imensiona N Negative
Reduction Training
T — T
‘_..---""'.’ \‘ . J ¥
| ) GAN, Markov
Model Predictive- ANN, . li.‘_ausat _PLS PO: ;meanséGIVIM, | ;sleudo ) Decision
ultivariate PLS, uto-encoders abel,Grap i
Examples | Ensemble, SVM R e vt bocad O,Iea||'n|ng
\
— ] v ]
o . Data Process
Applications Process Monitoring, Process Anomaly detection, generation Optimization,
Control, Soft sensor, Computational Ease ,Soft sensor Control

Figure 4.1. Classification of Machine Learning models

72



In thischapter, we will be mostly use supervised regression models .The regression models
are evaluated based on the Root Mean Square Error (RMSE) value as well as the %
Normalized RMSE (nRMSE):

YO "YO Mb YO

e YD YO
€Yo YO(b—p T Tt
6 2 6

€
yi = original observation jp= modetpredicted value; n = number of observation; MSE =
mean square errormy= mean value of observations.

Most of these regression models are popular machine learning algorithmsvidbneée
discuss them in too much detail. There are numerous textbooks and online resources that
discuss the principle and implementation of gradient boosting algorithms, and their
extensions for the interested readers. Stddtn machine learningf is one of the most
popular open source Python library which has most of the ML models available which we
have used in our analysis. For deep learning models, we use the open source TensorFlow
35 ML system.

4.3. Literature on application of Data Analytics inChemical and Polymer processes
4.3.1 Literature on Application of Multivariate Statistics in Chemical Process
Monitoring and Fault Diagnosis

Some of the major work in the applications of multivariate statistics have been done by
MacGregor et. ab 1%, We highlight some recent applications of PCA and PLS below.
Lou et. al.*® apply Sparse PCA for easier interpretation along with Particle Swarm
Optimization for process monitoring. Ning and Y&uapply PCA along with Kernel
smoothing techniques to hdle uncertainty data for process optimization and control. He
et. al.*® used PCA on spectral data for analysis of crystallographic phases of explosives for
quality control. Fezai et. at® apply the application of online kernel PCA for monitoring
of nonlinear processes. Harrou et. lshowcase a novel method of P®Ased anomaly
detection to detect small abnormalities which are not possible in conventional methods.
They use of control charts on uncorrelated PCA residuals helps to better detectemomali

Brestrich et. al*! use PLS for monitoring of protein chromatography methods using
spectral data with PLS differentiating between different species. In a recent study,
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Kocevska et. al#? use preprocess methods like blind source operations tdifide
independent components along with PLS for nuclear waste analysis using spectral data.
Zhang et. al**showcase a novel locally weighted Kernel PLS methodology for bioprocess
monitoring to accurately model non linearity and time varying dynamitkeoprocess.

Jiang et. al** use a novel optimized sparse PLS methodology for simultaneousdth
guality prediction and variable selection for industrial process monitoring. In an application
to biopharmaceutical process, Hattori and Otstiksse PLSfor feed forward control of

tablet compression process by integrating spectral data and granule physical property data.

4.3.2. Literature on Application of Machine Learning Models in Chemical processes
Artificial Neural Networks (ANN) have been wideliged for process data analytics.
In one of the early studies, Willis et. &l showcase the use of ANN for process control by
inferential estimation. lliyas et. &7 have used ANN as inferential sensors for emission
prediction of an industrial furnac&un et. al.*® use ANN along with weight shrinkage
methods for soft sensor applications in industrial air separation processes. In a recent study,
Hough et. al*® use neural networks to reduce the computational expense of detailed kinetic
models for bbmass pyrolysis process. In more recent applications in chemical engineering,
deep learning/deep neural networks have been quite popular. Shang’®usal.deep
neural networks for estimation of distillation cut point in petroleum refining processes. Ga
et. al.>> use deep belief networks for classification of scheduling models for different types
of crude oil feeds. Li et. at?> have applied deep belief networks in CO2 capture process
for prediction of CO2 production rate and capture level. ZhangZad >3 showcase
process fault diagnosis using deep belief networks on the Tennessee Eastman process.

Namdari et. al>* have used support vector regression for fault diagnosis of incipient
process faults which increase with time like reactor fouling and catalyst deactivation. Pani
and Mohant&® have used support vector regression for monitoring and control of particle
size in cement grinding process. In another study, Gholami and ShahPaased soft
sensor to predict the hydrogen sulphide concentration of a stripper column using support
vector regression along with fuzzy means clustering. Zio €Y. ase Decision &e model
for fault classification in a steam generation process in pressurized water reactér. Ge
showcase the use of probabilistic Machine Learning models for process data analytics .
Zhou et. al>® use gaussian process regression model for adaptali#gygunonitoring in
batch processes.

4.3.3. Literature on Application of Data Analytics/Machine Learning in Polymer
process

There is a growing number of reported studies applying machine learning and
multivariate statistical methods to polymer pregenonitoring, operation and control, and
we mention a few examples here. Skagerberg et.agply multivariate data analysis to
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linear lowdensity polyethylene (LLPDE) reactors to build models for inferential control.
MacGregor et. af®introduce thenultiblock projection to latent structures or partial least
squares (PLS) to the same process to diagnose process deviations. Gonzajaistdal.
neural networks for using as soft senor to predict polymer viscosity. In another application,
Shi et. al.®? predicted the melt index of polypropylene by combining independent
component analysis and mudttale analysis. Han et. & use the support vector machines
and neural networks to model melt index (M) of industrial polymer processes. Sharmin et.
al. ** develop an inferential Pl-Based sensor to measure polymer quality parameters to
provide physical insights in the process prediction in an application to batch
polymerization.

Ao et. al.®® showcase a bateo-batch iteration learning control usira datebased
nonlinear model that improves prediction accuracy. Kaneko &f..ade a datdbased soft
sensor to detect the completion of transition of industrial polymer processes by predicting
polymer quality parameters. Ge et. &l.use gaussian pcess regression to handle
nonlinear data for polypropylene melt index prediction. Liu and Chapply the jusin-
time support vector regression and probabilistic analysis for polymer quality. Liu and Xu
% have used dynamic fuzzy neural network to prelaigher accuracy melt index prediction
sensors for quality control of Poly Propylene process. Wang and have used support
vector least squares regression along with adaptive optimization algorithm for parameter
estimation for melt index prediction.

Recently, Liu et. al’* use the ensemble deep kernel learning for quality prediction in
industrial polymerization processes.

4.4. lllustrative Example of Machine Learning Applications in an Industrial
Polyolefin Manufacturing Process

Objective: We illustrate a simple datased senor for predicting the MI from a slurry

HDPE process with two reactors in parallel using actual plant data from LG Petrochemicals
in South Kored?.
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Figure 4.2Process flowsheet of industrial parallel HDProcess

Figure 4.2 shows a schematic diagram of a general slurry HPDE process with parallel

reactors

We consider the same process we used in Chapter 3 in comparison of dynamic first

principle model for comparing with plant data. Park et.”atorrelate the Ml data by

considering the independent variables shown in table 4.1.The data set consists of 5000
observations and 9 main independent process variables and 1 Ml as the quality target.

Table 4.1. Process Variablfes industrial HDPE Process

Process variable Description

C2 Ethylene feed flow rate

H2 Hydrogen feed flow rate

CAT Catalyst feed flow rate

HX Hexane solvent feed flow rate

C3 Comonomer feed flow rate

T Temperature of the reactor

P Pressure in the reactor

H2/C2 Feed concentratioratio in the reactor of ethylene
hydrogen

C3/C4 Feed concentration ratio of Propylene to Butyl
monomer

M Melt Index of polymer
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Figure 4.3. Visualization of the HDPE process data

Figure 4.3 shows the data visualization of all the variabi#tstime of the process data.
Figure 4.4 shows the correlation mapping of the variables showcasing the correlation

between all variables. From the data set, we can H2 is highly correlated with H2/C2. This

correlation mapping is useful for understargdthe data and also feature selection. In a

larger data set we can drop highly correlated features to improve prediction, Although for

this data analysis, we use all features to understand the process.
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Figure 4.4. Correlation plot of the HDRIocess data
4.4.1 Multivariate Statistical Causal Model

We use Aspen Pro MV for a latent variable causal analysis for the data analysis. We first
fit the original data set PLS model which results in a R2/Q2 value of 0.95 which defines
the %variancedefined by the Principal Components with 4 principal components and
RMSE 1.1. Then we use Hotelingds T2 methods
Figure 4.5. Note the data points above the horizontal line labeled by the confidence limits

of 0.99and 0.96.
Hotelling's T2

/K Training

0 1000 2000 3000 4000
Observation Number

Figure 4.5. Hotelingbds T2 plot deviation plo

The process outlier observations are 245269698 based on the confidence limits.(In
the plot the close observation points are not clearly visible. We can even understand the
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reasons formy of the observations to be an outlier based on their contribution scores. The
2413 observation (SPE score 200.196) being an outlier is due to temperature (T) being
higher than the average as shown in contribution plot figure 4.6.
Contributions to Scores for X-Space
14

WH[1] to W*[4]
= =
. 2~

Contrib: Weights
(=)

L
Variable
Figure 4.6. Contributin plot of process outlier compared to the average score to identify
the cause of process abnormality
We remove the process outliers and fit the PLS model again. The R2 /Q2 value of the
PLS model with 4 principal components is 0.956 as shown in figdrdNow we can again
pl ot the Hotellingds plot and see none of t
as shown in figure.

Model Summary far Y-Space - PLS4

R2 | Q2 Cumulative

Component
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Figure 4.7. Principal Component R2 score for PLS model without lag
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Figure 4.8. T2 plot of the data after removthg process outliers

R2=0.,953192
RMSEE = 1.08514

201

104

Observed MI

10 20
Predicted MI
Figure 4.9. Prediction plot for PLS model without lag
The Root Mean Squared Error (RMSE) plot for the PLS model without lag is 1.08 for
test data and the plot of the observed v/s predicted values is shown in Figure 4.9.The
variable importance of each variable in defining the variance of the PLS model is shown
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in Figure 4.8. The loading plot is shown in Figure 4.11 which defines the correlation of the
variables which signify that Ml is highly correlated with H2, H2/C2 and CAfcésthey
lie nearer to each other). The bar plot gives a quantitative dependence of each variable for

MI prediction.
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Figure 4.10. Variablemportance plot for PLS model without lag
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Figure 4.11. Loading plot for PLS model without lag
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Now since this is dynamic procesghere is some lag between the time when the Ml at
reactor outlet is measured and the process variable. So the output in a dynamic process is
related to the past process variable inputs and past outputs as walkeroohandle the
autocorrelation data we mimic the concept of aegressive moving average exogenous
(ARMAX) time series models by forming the data matrix with previous observation in
each observation vectofrhe time series model which relates indepemdvariable Y at
present time to past independent variable Ys and dependent variable Xs.

The model equation is represented below:
Uu 1 o ) E 1o o Q

This eventually means that we need to use a lagged value of the variable to account for
the dynamic analysis. Thus, we consider the autocorrelation in the data in Pro MV by
introduction of the lag of variable order. This time series modeling techmqakso
referred aDynamic PLS 3.

In this case we introduce a lag of order 1 in both the input process variables and the
process output MI, so that the MI at the current time is function of the historical value of
process variables and past Ml val&g. introducing the process lag the R2 value of the
PLS model increases to 0.98, the R2 value is shown in figure 4.12. The RMSE value of the
model improves significantly to 0.58. The prediction values are shown in figure 4.13.
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Figure 4.12. Principaiomponent of dynamic PLS model with lag
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Figure 4.13. Prediction plot of dynamic PLS model with lag

In the VIP plot, we can see that the lagged variables become more important and the Ml
lagged value becomes the most important variable for the dynarSieni®del as shown

in Figure 4.14.
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Figure 4.14. Variable Importance Plot for Dynamic PLS model including lag
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Figure 4.15 compares the measured tdependent Ml data for the slurry HPDE process
from with grade transitions to the predictions frontegressed model based on the
multivariate statistical analysis with partial least squares (PLS). Now, we will compare the
same timedependent grade transitions for predictive ML models

25

——PFPredicted MI(PLS)
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20 - & Actual MI
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Melt Index
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Figure 4.15. Development of a soft sensor of Ml based on CauSatitdel

4.4.2. Predictive Machine Learning Models

We use different predictive machine learning (ML) models to predict the MI index
values.
In general, we evaluate the relative accuracy of different regression models using the root
mean square errfRMSE). Regression methods like support vector regression performed
worst for this dataset. The other regression models like linear/ridge, Bayesian, lasso
regression has RMSE values around the same range as PLS model in the range of 0.8 to
1.3, but stilllower than Dynamic PLS models with RMSE of 0.58.
Deep Neural Network model with 3 hidden layers and 100 neurons in each layer gives
slightly better RMSE of 0.4 which can be further improved by hyper parameter estimation.
The Neural Network architecture Wif inputs, 3 hidden layers and 1 output is represented
in Figure 4.16.
In neural networks or any ML model we define an error function which calculates the
difference between the current model output and the expected value called as loss function.
The losscurve of the deep learning model for training and validation is shown in Figure
4.17, which shows how the loss decreases with the increasing epochs.

84



N

%

L
\Y
v.

@)
@
@,
¢ J
>
®,
@,
D>
)
@)
>
s
Q)
(]
Q)
Q)
@
@
@
O
Hidden L.

Input Layer € R

Figure 4.16. Deep Neural Network Architecture with three hidden layers

ayer € BR¥® Hidden Layer € &% Hidden Layer € B¥® Output Layer  R'

model loss

005 4 -
—  train

- yalidation
004 4

Q.03

loss

002

001 A

Q.00 A

o 10 20 3o A0 50
epoch

Figure 4.17. Loss curve ofd@p Learning model for MI prediction

Ensemble models perform best for this dataset with Gradient Boosting/Xgboost
regression model with an RMSE of 0.2 and Random Forest model with a RMSE of 0.12.
We use grid searchfdld cross validation to obtaimé best hyper parameters for both the
initial and metaregressorsold crossvalidation means that the data set is split into 5
number of sections/folds where each fold is used for testing while rest use for training
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iteratively. For each regressor weoose a range of values of some hyperparameters and
finally choose the parameter values that gives the best prediction using the cross validation.
For instance, in the random forest modaehumber of trees is one of the important
hyperparameter model thadrc be varied to improve the validation accuracy. The Figure
4.18 shows the accuracy scores (R2) for Random Forest model, we can see how-the cross
validation score varies by changing the number of tree estimators in the model.

Validation Curve With Random Forest
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Figure 4.18. The variatioof hyperparameter in a Random Forest Model

We plot a sub model of the random forest model of a single tree and max depth =3 to
visualize the tree model in figure 4. We visualize the recursive tree model as the tree splits
in a way so that overall suaf squares of error are minimized. Figure 4.29 shows the same
comparison of the plant Ml values with the random forest model predictions.
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Figure 4.19. Visualization of a tree from the Random Forest Model
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Figure 4.20. Development of a soft sensor of ML based on Predictive random forest model
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Table 4.2 and Figure 4.21 summarizes the comparison of each of the ML models
Table 4.2. Comparison of different ML models for MI prediction

Model RMSE (test) Ml
Random Forest 0.12
Xgboost/Gradient Boosting/Stacking reg| 0.2
Deep Neural Network 0.42
Dynamic PLS 0.58
Ada-boost Regression 0.64
Linear/Ridge Regression 0.77
Bayesian Regression 0.8
PLS 1.08
Lasso Regression 1.3
Support Vector Regression 4.44

ML Model Comparison

SVR
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PLS
Bayesian
Ridge
RNN
AdaBoost

Model

Dyanamic PLS

Deep Neural Network
XgBoost

Random Forest

0.0 05 10

15 20 15
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Figure 4.21. Comparison of different ML models for Ml prediction

4.5. Disadvantages of Stanéhlone DataBased Models
The predictive ML models are not able to identify the important features correctly, hence
they are not able to identify the modednsitivities accurately. Based on the
knowledge of polyolefin reaction kinetics, we know that melt index (MI) is highly
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dependent on the hydrogen flow rate and a small change in hydrogen flow leads to a
significant change in MI. So, the variation of Ml twihydrogen flow for a first principle
model and ML model is shown in table, as we can see the accurate predictive model like
is not able to identify accurate process sensitivities. By doubling the hydrogen flow rate,
there is much less change in ML modelmpared to a firsprinciple model or latent
variable causal model, which is scientifically inconsistent since Ml is highly dependent on
H2 flow. Now we start with an observation with H2 = 60 m3/hr with all values of process
variables same as those of tteta and use it to predict Ml from each of the models and
compare the result with plant data. We increase H2 flow to 95 m3/hr above the operating
flow range keeping other process variables as same. For the actual plant data, we write the
corresponding vakl of H2 when H2 flow is 95 m3/hr, even though other variables are
different since it is the most important factor. We find that the first principle model is better
able to predict the change since it is built on accurate reaction kinetics. The ML model is
not able to capture the individual effect of the features, it is more accurate only if given the
same combination of features that the model was trained on (all features when H2 flow is
90 m3/hr for accurate prediction when H2 flow is 95 m3/hr). The c&isalmodel is

better able to capture the effect of individual features. Still for a more accurate prediction
beyond the operating range we will need a hybrid combination ofpfirstiple and ML
models.

Table 4.3. Model comparison based on Ml valuesaaging hydrogen flow

Model MI (H2 = 60 m3/hr) | MI (H2 = 95 m3/hr) (beyonc
operating range)

Plant Actual value 5 22

First principle 6.1 17

Causal ML model 4.7 15

Predictive ML model | 4.9 12

4.6. Semisupervised Learning for Polymer Process Daténalysis

We demonstrate the application of sesupervised learning techniques for polyolefin
data analysis. In many polyolefin plants, the product quality variables are not measured
online and they are usually measured in lab sample analysis at omgeh time intervals
compared to the process data measurements. The quality data, also referred as labelled
data, are expensive and difficult to get while unlabeled is abundant and cheap.
4.6.1.Self-Training

We can use setfaining semisupervisedtechniques like pseudabeling to utilize
unlabeled data. It improves the model robustness by more precise decision boundary. We
simulate real plant scenario by reducing the frequency of product quality measurement to
much lower values compared to the qees variables. Thus, we consider the same
polyolefin process as mentioned previously with the feed process variables and the Ml as
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the quality variable. We consider only 1% Ml values for the y data. For 5000 observations
of process data (X), only 50 vakief MI data (Y) are available.

For the analysis of these data we use sampervised learning techniques called pseudo
labeling. This method utilizes both the labelled and unlabeled process data. We refer the
data which have MI measurements as ladelihile the data which do not have Ml values
as unlabeled. We first train labelled data by a regressor model. We use random forest
regressor for this data. Then, we use the model to predict labels on the unlabeled data,
creating the pseudo labels or padins. We combine the labelled and the unlabeled data,
giving an augmented dataset which is again used to train the random forest regressor model.
The model predicts much higher accuracy when we used the unlabeled data set along with
the labeled data coraped to just using the labeled data set alone. The prediction accuracy
is much higher than using only labelled data. In Figure 4.22 we see the RMSE value of the
Pseuddabelled regression prediction is 0.8 compared to 1.8 considering only the labelled
data Sample rate denotes the percentage of unlabeled data to be used as the pseudo
labelled for the modelling purpose.

Pseudo Labeling Sample Rate

20 A

18 A

1a

RMSE

14 -

12 4

10 A

0LE A

0.0 o2 o4 0.5 .8 10
Sample Rate

Figure 4.22. Accuracy v/s the sampling rate for S8oppervised Learning Ml prediction

4.6.2 Generative Model GAN

Another approeh when less data is available can be used to generate more data. GAN
models explained previously are useful for generating more data. The generative model
generates data with some noise and the discriminator model detects from the real data from
the geneated/fake data in the form of a loss function. With each iterative process the
generative model becomes better at generating fake data. So that finally when the model
converges the discriminator is not able to distinguish real from fake data.
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We use tb same HDPE dataset and consider only 50 available observations. We
showcase how to generate 1000 more data points from these 50 available observations
using the GAN models. We use the Condition GAN model by Xu ef? alhere they
showcase the methodolp@f generating tabular data like our dataset. They model the
probability distributions of each of the rows in dataset and generate realistic synthetic data
dealing with both discrete and continuous dataset. Figure 4.23 compares the the absolute
log mean bthe actual data (real) and generated data (fake) and the comparison of each
feature is shown in Figure 4.24. Probability Density Distribution of each feature
comparison of of the real and generated data is shown in figure 4.25.

These plots show th#te generated dataset represents the original dataset quite well. The
original dataset with 50 data points is used to fit a gradient boosting regression model for
the MI prediction which gives a higher RMSE value of 1.14. Now the augmented dataset
with 103 datapoints is again used to fit the regression model which results in
improvement in prediction with RMSE 0Of 0.85.

Absolute Log Mean and STDs of nhumeric data
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Figure 4.23. The comparison of the real and fake(generated data) in terms of means and
stdev.
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4.7. Batch Data Analysis

Most of the data analysitill now has been for continuous processes. For data analysis
of batch process we require a different approach. An industrial batch process data with
multiple batches has a thrdenensional structure with the three data dimensions, namely,
process variales, time and number of batches. Thus we need to apply data unfolding
techniques along with the PLS models for analysis. Batch data analysis requires the The
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Batch Wise Unfolding (BWU) approach was first established by Nomikos and Macgregor
S it examires the variation among batches since the different batches may have different
disturbance. In BWU, the batch observation are extracted horizontally in avisme
fashion. Each batch becomes a single row of data as shown in Figure 4.26. Thus, BWU
score prdicts the final state of each batch based on all the time history of that batch to
current time.
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Figure 4.26. Batch wise unfolding methodology

In contrast if we use a similar data analysis methodology as we sued for the continuous
processes it can be termed as the Observation Wise Unfolding (OWU), where the data for
each batch is stacked on top of one another and the analysis will sumnharize t
instantaneous condition of each batch using the measured values at the current time.

We consider a polymer batch data provided by Kevin Draonsisting of only the
process variables (10) X of the 55 batches. Thus, we use PCA along with the BlA&isan
to identify the bad batches using Aspen-RPd. The R2 score for the PCA model for the
Batch model is 0.66. By plotting the score plot shown in Figure 4.27 we identified the
abnormal batches (586)
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Figure 4.27. Score plot of PCA polymer batches

Then we also try to identify the causes for the batches to be abnormal by plotting the

contribution plot for the scores from 50 to 55 as shown in Figure 4.28.
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Figure 4.28. Contribution to scores of bad batches
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If we use the OWU for the sandataset, the score plot for the PCA model does not provide
any interpretable results to identify outliers shown in figure 4.29.

Score Plot - PCA on X

T[2]

3 5 M 2 0 2 4 6 8
T[]
Figure 4.29. Observation wise Analysis of Batch data
Thus, BWU approach is more suitable than OWU for any batch data analysis.

4.8. Industrial Case study of Extrusion Process Monitoring

In a extrusion process by Universal Fibers, Virginia they had an issue of high
modification ratio (MR) for one of their fiber product which is not good for their process
quality specification We analyze industrial data for a month with more than 10000
observations. The process variables/features were mainly the extruder variables, pump
variables and spinning variables like: RPM, pressure, amp, temperature etc. with a total of
50 features.

We first use PCA on the data set we reduce the 50 features to 7 principle components
with R2 of 0.65. Then we identify process outliers using Hoteling T2 method and plot the
score plot as shown in Figure 4.30. We find that the process outliers liesantieeperiod
when the MR was high b/w the rangé&4Thus, we analyze the reason for the process
faults to be high value of pump amp and the low value of extruder RPM using contribution
scores. The contribution plot for the outliers is shown in Figure W&Hhlso use the MR
data (Y) to fit a PLS model and analyze the relationship between MR and process variables.
The loading plot in Figure 4.32 shows the variables highly correlated with the MR values
like Extruder (RPM), Pump AMP.
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Figure 4.30. Score plaf the extruder process data

Contributions to Scores (From AVERAGE to 1350.0) for X-Space - PCA on X

S 10-
=
=2
= 0
]
=
=
L=
= -10-
=
5
S -20-

AR I I I N - N S
F S ¥ &I T 5 CS
FEEFTEFSFELEEEELESE

Variable

Figure 4.31. Contribution to score plot of process anomaly in an industrial extrusion
process
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Figure 4.32. Loadinglot for the PLS analysis of the extruder data
4.9. Conclusion

We have showcased the utility of latent variable models like PLS for causal analysis to
identify correct correlations between input and outputs using the polymer process
application. We also showcase the utility of predictive models like ensemblerrdocst
for predicting the process outputs, predicting the Ml with lowest RMSE. We identify the
Dynamic PLS model utility in dynamic time series process data by considering the
measurement lags. We conclude that a-dated model alone has a high accyraat it
may give scientifically inconsistent results for predictions beyond process operating data
which the model uses and also not able to accurately simulate individual feature
importance. Hence, we advocate the integration of first principle procass with data
based ML models in hybrid modeling strategy in following chapters. We showcase the
applications of sensupervised learning methods like sieHining and generative models.
We also show the methodology for analysis of batch data. We ladsecase the fault
diagnosis in an industrial extrusion process.
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Chapter 5: A Hybrid Science Guided Machine Learning Approach for Modeling and
Optimizing Chemical Processes: A Review

5.1. Introduction

Modeling of many physiochemical systems requires detailed scientific knowledge of the
system which is not always feasible for complex processes. We make some assumpt
when modeling the system with first principles that ultimately leads to some knowledge
gaps in describing the original system. Even for the systems where the scientific knowledge
is sufficient to model the system, there are too many model paranetstmate. We
often apply datdbased models to study the systems where scientific data are available since
they are more accurate in prediction. However, -tated/machine learning models are
black-box models which can owit the data and also produseientifically inconsistent
results. For better accuracy, ML models also require more data which is not always feasible
for many problems. Therefore, it is important to integrate scibased knowledge and
databased knowledge for an accurate and sdieally consistent prediction, which we
will refer to ashybrid science guided machine learning (SGML) approach.

The most popular hybrid SGML approach that is being practiced in different fields of
science is to combine a ddtased ML model with acgeencebased firsiprinciple model.
However, there are more ways to combine scientific knowledge antiaséd knowledge.

In this work, we focus on both aspects of science complementing ML, and ML
complementing science.

In our development of the hyldrSGML approach, we have benefited from two latest
references. In their 2017 article, Karpatne et.saiggest the theorguided data science as
a new paradigm for scientific discovery from data. They classify the tigroded data
science methods intdifferent categories, such as theguided design of models,
initialization, theoryguided refinement of data science outputs, hybrid models of theory of
data science, and augmenting thelbaged models using data science. In their 2020 article,
Willard et. al? classify the integration of physidssed modeling with ML methodology
according to the modeling objectives. The latter include, for example, improving the
predictions beyond physical models, downscaling the complexity of pHyasesd models,
gererating data, quantifying uncertainty, and discovering governing equations of the data
based model.

This study presents a broad perspective of hybrid process modeling and optimization
combining the scientific knowledge and data analytics in bioprowessd chemical
engineering with a scienggiided machine learning (SGML) approach. We divide the
approach into two major categories. The first refers to the case where [zasathML
model compliments and makes the fpsinciple sciencébased model nte accurate in
prediction, and the second corresponds to the case where scientific knowledge helps make
the ML model more scientifically consistent. We present a detailed review of scientific and
engineering literature relating to the hybrid SGML approacid propose a systematic
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classification of hybrid SGML models. For applying ML to improve scidmased models,

we present expositions of the scdtegories of direct serial and parallel hybrid modeling
and their combinations, inverse modeling, reduoer modeling, quantifying
uncertainty in the process and even discovering governing equations of the process model.
For applying scientific principles to improve ML models, we discuss theatdgories of
scienceguided design, learning and refinementr Each sukcategory, we identify its
requirements, strengths and limitations, together with their published and potential areas
of applications in bioprocessing and chemical engineering.

This work differentiates itself from several recent reviews of hybrid modeling in
bioprocessing and chemical engineering through the following contributions: (1)
presentation of a broader hybrid SGML methodology of integrating segnded and
databased models, and not just the direct combinations offiistiple and ML models;

(2) classification of the hybrid model applications according to their methodology and
objectives, instead of their areas of applications; (3) identification of the thamies
methodologies which have not been explored much in chemical engineering applications,
like the use of scientific knowledge to help improve the ML model architecture and
learning process for more scientifically consistent solutions; and (4) illusisaifothe use

of these hybrid SGML methodologies applied to industrial polymer processes, such as
inverse modeling, and sciengaided loss which have not been applied previously in such
applications.

The objective of this paper is to present a commgnsive review and exposition of
scientific and engineering literature relating to the hybrid SGML approach, and propose a
systematic classification of hybrid SGML models focusing on both sciences
complementing ML models, and ML complementing scielmagedmodels. Section 5.2
gives a review of the broad applications of hybrid SGML approach in bioprocessing and
chemical engineering. As the number of reported methodologies and applications
continues to rise significantly, it is hard for a person unfamilitly the subject to identify
the appropriate approach for a specific application. This leads to our key focus in Sections
3 and 4, presenting a systematic classification and exposition of hybrid SGML
methodologies. Section 535 explains different categes of applying ML to
complement scienelbased models, discuss their requirements, strengths and limitations,
suggest potential areas of applications, and present illustrative examples from chemical
manufacturing. Section 4 focuses on different categofiepplying scientific principles
to complement ML models, together with their requirements, strengths and limitations, as
well as their potential applications and illustrative examples. Section 5.6 summarizes our
conclusions.
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5.2. Applications of Hybrid SGML Approach in Bioprocessing and Chemical
Engineering

The integration of sciendeased models with dateased models has appeared in various
fields like fluid mechanics turbulence modelirfy quantum physiés climate sciende,
geology and biological science8.

This study focuses on applications of hybrid SGML methodologies in bioprocessing and
chemical engineering. Among the earliest applicationthesdirect hybrid modeling
involving the integration of firsprinciple model with datbased neural networks
Psichogios and UngErcombine a partial firsprinciple model based on prior process
knowledge with a neural network, which serves as an estimator of unmeasured process
parameters that are difficult to model from first prineiprhey apply the hybrid model to
a fedbatch bioreactor, and the integrated model has better properties than the standard
Abl-bocko neur al net work models in that it
more accurately, is easier to analyze ameérpret, and requires significantly fewer training
examples. Thompson and KrarHelater demonstrate how to integrate simple process
model and firsprinciple equations to improve the neural network predictions of cell
biomass and secondary metaboliteairfedbatch penicillin fermentation reactor when
trained on sparse and noisy process data.

Agarwal? develops a general qualitative framework for identifying the possible ways of
combining neural networks with the prior knowledge and experience eetheddhe
available firstprinciple models, and discussée direct hybrid modeling with series or
parallel configurationto combine the outputs of the sciedmesed model and the ML
model. Asprion, et af present the terngrey-box modelingfor optinization of chemical
processes. They consider the case where a predictive model is missing for a process unit
within a larger process flowsheet, and use measured operating data to set up hybrid models
combining physical knowledge and process data. Theytregsults of optimization using
different graybox models for process simulators applied to a cumene process. Actually, in
a number of earlier studies, Bohlin and his coworkers have explored in details the concepts
of graybox identification for procesontrol and optimization, and Bohlin has summarized
the concepts, tools and applications of goey hybrid modeling in an excellent botk.

Over the years, we have seen a growing number of applications of hybrid modeling in
bioprocessing and chemiaahgineering as part of the advances in smart manufactdring
17

In their 2021 paper, Sansana et®aliscuss mechanistic modeling, dé@sed modeling,
hybrid modeling structures, system identification methodologies, and applications. They
classily their hybrid model into parallel, series, surrogate models (which are simpler
mathematical representations of more complex models and similar to rezdeed
models that we discuss below), and alternate structures (which includeoyrayodeling
menticned above). In the alternate structures, they refer to some applications of semi
mechanistic model structures where the best hybrid model is selected using optimization
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concepts. They also classify the hybrid models based on some of the chemical industry
applications into analysis of modplant mismatcl, model transfer, feasibility analysis

and predictive maintenance, apart from the previous mentioned applications like process
control, monitoring and optimization.

Von Stosch et. af have used thierm,hybrid semiparametric modelingin their 2014
review, and have summarized applications in biochemical engineering for process
monitoring, control, optimization, scale and model reduction. They emphasize that the
application of hybrid serparametic techniques does not automatically lead to better
results, but that rational knowledge integration has potential to significantly improve
modeltbased process design and operation.

Qin and Chianyf review the advances in statistical machine learaimg) process data
analytics that can provide efficient tools in developing future hybrid models. In a latest
paper, Qin et. & propose a statistical learning procedure integrating with process
knowledge to handle a challenging problem of developing @igiree model for process
impurity levels from more than 40 process variables in an industrial distillation system.
Both studies highlight the power of statistical machine leaning for developing future hybrid
process models.

A survey of the literaturbas shown applications of hybrid modeling in bioproce$ses
27 chemical and oil and gas process industfi@sand polymer processé$** for more
accurate and scientifically consistent predictions. This survey has also shown many topical
focuses of pplications in bioprocessing and chemical engineering, including process
control 3>38, design of experiment§*° process development and seape*'*2 process
desigrt® and optimizatiort>444°

In a recent study, Zhou et &lpresenta hybrid gproach for integrating material and
process desigthat holds much promise in process and product de€igrtillo et. aft’
demonstrate the importance of hybrid models in silico production of vaccines to accelerate
the manufacturing process. Chopda et2apply integrated process analytical techniques,
and modeling and control strategies to enable the continuous manufacturing of monoclonal
antibodies. McBride et. 4. classify the hybrid modeling applications in different
separation processes in chemical industry, namely, distill&tidn crystallization">® |
extractior’*°® | floatation®’8 filtration °%° and drying?*1 Venkatasubramani&tyives
an excellent exposition of the current state of development and applications of artificial
intelligence in chemical engineering. The author highlights the intellectual challenges and
rewards for developing the conceptual frameworks for hybrid models, methbased
causal explanations, domaspecific knowledge discovery engines, and analytical theories
of emergence, and presents examples from optimizing material design and process
operations.

In an excellent edited volume, Glassey and Stistiacuss sme of the key strengths
of hybrid modeling in chemical processes, particularly in the prediction of scientifically
consistent results beyond the experimentally tested process conditions, which is crucial for



process development, scalp, control and optnization. They also identify some
challenges. For example, incorrect fundamental knowledge in a stiased model could
impose bias on predictions, thus the underlying assumptions used in a model are important
for analysis. Also, time and accuracy of gaeter estimation is critical when deciding on

a hybrid modeling strategy. Kahrs and Marqumdiscuss the approach of simplifying the
complex hybrid models into sequence of simpler problems, such as data preprocessing,
solving nonlinear equations, paretar estimation and building empirical models using

ML.

A recent patent by Chan et®8lpr esent s Aspen Technol ogyds

optimization using integrated modeling, optimization and artificial intelligence. In a later
white paper, Beck and MoZ’"descri be Aspen Technol ogyds
modeling, combining Al and domain expertise to optimize assts. In particular, based on
their application experience in in chemical industries, Aspen Tech have classified hybrid
models into three ¢agories: Aldriven, firstprinciple driven and reduceatder models
67, They definean Akdriven hybrid models an empirical model based on plant or
experimental data and use first principles, constraints and domain knowledge to create a
more accurate odel. Examples of Atriven models are inferential sensors or online
equipment models. They defimefirst-principle driven hybrid modeds an existing first
principle mo d el augment ed wi t h dat a and
predictability, which ks seen many applications in bioprocessing and chemical
engineering. Lastly, they defiree reducedorder modelwhere we use ML to create an
empirical datebased model based on data from numerousgiistiple process simulation
runs, augmented with conaints and domain expertise, in order to build ddiitpurpose
low-dimensional model that can run more quickly. With redumetbr models, we can
extend the scale of modeling from units to the piaicle models that can be deployed
faster.
5.3. A Classifcation and Exposition of Hybrid ScienceGuided Machine Learning
Models

As we have seen thus far, the majority of work in hybrid model applications in
bioprocessing and chemical engineering focuses on the direct combination of-science
based and dateased models. In this article, we portray a broad perspective of the
combination of scientific knowledge and data analysis in bioprocessing and chemical
engineering as inspired by some of the applications in physics and othetaréés
categorize theskybrid SGML applications in chemical process industry into two major
categories, namely, ML compliments science and science compliments ML, together with
their subcategories based on the methodologies and objectives of hybrid modeling as
illustrated in Figire 5.1. We also classify the applications in bioprocessing and chemical
engineering according to our hybrid SGML approach. We present examples in several
areas of SGML which have not been explored much thus far, and which have great potential
for processmprovement and optimization.
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Figure 5.1. Classification of hybrid SGML models
5.4. ML Complements Science

We can integrate a firgdrinciple scientific model with a datsased model to improve
the model accuracy and consistency. In the followingjntreduce the subcategories of
direct hybrid modeling, inverse modeling approach, reducing model complexity,
guantifying uncertainty in the process, and discovering governing equations.
5.4.1 Direct Hybrid Modeling

A direct hybrid model combines tlmaitput of a firstprinciple or sciencéased model
with the output of a datbased ML model to improve the prediction accuracy of dependent
variables. These combinations could occur in a series configuration, a parallel
configuration, or a serigsarallelconfiguration. The direct hybrid modeling strategy is the
most widely used approach in hybrid modeling in bioprocessing and chemical engineering.
5.4.11 Parallel Direct Hybrid Model

Figure 5.2 illustrates the concept of a parallel direct hybrid mddhe.sciencédased
model may use the initial conditions and boundary conditions as inputs to make a
prediction (Ym), while the ML model uses dynamic tiwverying data to make the
predictions (Yml). We then combine both outputs directly or with assigneghtgejwl,
w2) to achieve higher prediction accuracy.
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Figure 5.2. Parallel direct hybrid model: Ym and Yml are model
predictions, and wl and w2 are weights.
Galvanauskas et. &l.combine directly the datihased neural networks for kinetics and
viscosity predictions with the firgirinciple mass balance ordinary differential equations
to optimize the production rate of an industrial penicillin process. Chang*&halcase
a paallel hybrid model for the dynamic simulation of a batch-radical polymerization
of methyl methacrylate. They combine an approximate rate function for the concentration
of the immeasurable initiator concentration with a blbok timedependent or recrent
neural network mod&lof the dependent variables representing the mass and moment
balance equations of the polymerization reactor. They use the resulting hybrid neural
network and rate function (HNNRF) model to optimize the batch polymerizatioensyst
identifying the optimal recipe or operating conditions of the batch polymerization system.
Hybrid residual modelingr parallel direct hybrid residual modeas a class of the
parallel direct hybrid model, where we use a{pshciple or sciencdased process model
to quantify the timedependent prediction error or residual, Yres, between plant data Y(t)
and sciencdased model prediction Ym as a function of process vari4bfé&. Figure
3 illustrates the concept of the parallel direct hybesidual model. The correction to the
model output taking care of the prediction error or residual of the ML model in the hybrid
residual configuration improves the model accuracy over theesddual configuration of
Figure 5.2.
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Figure 5.3. Parallairect hybrid residual model: Ym represents model outputs, Res are the
time-dependent prediction errors or residues between plant data Y(t) and dmasede
model outputs Ym, and Ym + Yres are the corrected model outputs

Tian et alf® develop a hybd residual model for a batch polymerization reactor. First,
they develop a simplified process model based on polymerization kinetics, and mass and
energy balances to predict the monomer conversion, noavieeage molecular weight
MWN, and weightaverage miecular weight MWW. This firsprinciple process model
cannot predict these product quality targets accurately because of its neglect of the gel
effect at high monomer conversion and other factors. Next, the authors develop a parallel
configuration of thre databased, timalependent or recurrent neural netwdtkained by
process data to predict the residuals of monomer conversion, MWN and MWW of the
simplified firstprinciple process model. The predicted residuals are added to the
predictions from the simplified process model to form the final hybrid moddigbians.
Because of focus in batch process control is on theokbdtch product quality targets,
the use of timalependent or recurrent neural networks can usually offer gooerdmigg
predictions. Therefore, the resulting hybrid residual model pesfavell in many batch
process control and optimization applicati6h&*697%,

Simutis and Lubnett present another application of the direct hybrid modeling
methodology to state estimation for bioprocess control. This work combines -a first
principlestate Kalman filter based on mass balances of biomass, substrate and product, and
an ML-based observation model for quantifying relationship between less established
variables and measurements. Recently, Ghosh@t>apply the parallel hybrid modaelj
framework in process control, where they combine-prgtciple models with dathased
model built by applying subspace identification for better prediction of batch polymer
manufacturing and seed crystallization system. Hanachi €tshbwcase thapplication
of direct hybrid modeling methodology for predictive maintenance. They combine a
physicsbased model with a datmsed inferential model in an iterative parallel
combination for predicting manufacturing tool wear.
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5.4.12. Series Direct Hybrid Model
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Figure 5.4. Serial direct hybrid model

Figure 5.4 illustrates the serial direct hybrid model. The scibased process model
serves to augment the data needs of the ML model, while the ML model can help in
estimating the parameters of teeiencebased model. Babanezhad efatonsider the
computational fluid dynamics (CFD) for twghase flows in chemical reactors, and couple
sciencebased CFD results to a ML model based on an adaptive nebasdd fuzzy
inference system (ANFIS). OnceetiML model captures the pattern of the CFD results,
they use the hybrid model for process simulation and optimization. Some features
calculated from a sciendmased CFD model caugment the datas inputs to a ML model.
Chan et. af® have discussed tlaglvantages of data augmentation by combining simulation
and plant data to generate a more accuratel@eted analysis. In an application to crude
distillation in petroleum refining, Mahalec and Sanchemse a scienebased model to
calculate the internaeflux to augment other plant data as inputs to a ML model, in order
to calculate the relationship to the product true boiling point curves for quality analysis.

Krippl et. al’® present the hybrid modeling of an ultrafiltration process where they
calculate the flux using a ML model to act as an input to a scieased model. Similarly,

Luo et al®® develop a hybrid model for a fixdaed reactor for ethylene oxidation,
integrating firstprinciple reaction kinetics and reactor model with a ML catalys
deactivation model. The latter is developed with support vector regression from operating
data, assuming the deactivation property decreasing monotonically with time. With the
hybrid model, the prediction error is less than 5% for the prediction oflastimal reactor.

The approach can predict the production more accurately and have more reliable
extrapolation.

Figure 4 shows that a ML model caiso help in estimating the parameters the
sciencebased model. Mantovanelli et ‘dl.develop a hybd model for an industrial
alcoholic fermentation process, combining fpsinciple mass and energy balance
equations for a series of five fermenters with a -ti@sed, functional link netwofkto
identify the kinetic parameters of the fermentation reactmined by plant data. The
hybrid model includes the effect of temperature on the fermentation kinetics and show
good nonlinear approximation capability. Sharma and®sibow how to use plant data to
estimate kinetic parameters of fygtinciple modes for industrial polyolefin processes.
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Finally, we note that as illustrated in Figure 5.4, we can interchangeably use a-science
based model or a ML model first in the hybrid framework, depending on we require to add
more features to augment the dataos¢d estimate model parameters.
5.4.13. Serial-Parallel or Combined Direct Hybrid Model

Figure 5.5 shows a combined direct hybrid model, where we use the-stetalgata
from the plant to estimate the unknown parameters of a se@ss®l processadel and
then uses the hybrid residual modeling strategy of Figure 5.3 for prediction. This serial
parallel combination or feedback system can improve model predictions depending on the
application.

ML Model Science-Based Model
Steady-State Parameter —
Data - XY Estimation 7‘ :-7— Ym
) — LA > ’-75;3_ B 5 ”hf
utput
Data Ym + Yres
Corrected
Yres Output
Dynamic Process Data - X(t) Residual
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Figure 55. Combined Direct Hybrid Model: Ym are ouput
Yres are residuals, and Ym+ Tres are corrected outputs

Bhutani et. af® present a definitive study comparing figsinciple, databased and
hybrid models applied tan industrial hydrocracking process. In particular, they couple a
first-principle hydrocracking model based on pseudocomponents wittbds¢a neural
network models of different configurations of Figures 5.3 to 5.5 that quantify the variations
in operathg conditions, feed quality and catalyst deactivation. The neural network
component of the hybrid model either provides updated model parameters in the first
principle process model connected in series or correct predictions of therifigple
processmodels. The hybrid models are able to represent the behavior of an industrial
hydrocracking unit to provide accurate and consistent predictions in the presence of process
variations and changing operating scenarios.

Song et. af?alsoapply the direchybrid model configurations of Figure 5.3 to 5.5 to an
industrial hydrocracking process and analyze the strengths and weaknesses of these
configurations. They call a model mechanisrdominated modef the accuracy of its
outputs is mainly dominated bie available theoretical knowledge used to develop the
model; and they also call a modetlatadominated modef the accuracy of its outputs is
mainly dominated by the quality of the training data and the performance of the resulting
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databased model. Iparticular, they give both the firgrinciple model and the serial direct
hybrid model of Figure 4 as examples of mecharieminated models, and cite the data
based model, parallel direct residual model of Figure 3, and the combined direct hybrid
modelof Figure 5 as examples of dataminated models.

In their work, Song et & combine a mechanisaiominated model with a data
dominated model as a hybrid direct model of Figure 2, with the weighting factors for the
outputs of two individual models by determined in an adaptive fashion. For their
application, Song et al. work with a mechanidominated model of an industrial
hydrocracking process based on kinetic lumpifi¢y and with a datalominated model
based on a setfrganizing map (SOM) folloed by a convolutional neural network (CNN),
with both being trained by simulated process data based on Aspen BYSN&/ evaluate
the performance of the hybrid model for operational optimization of the hydrocracking
producing different product scenario8Vhile this study includes new conceptual
development, it needs much simplification of its relatively complex methodology to make
it readily applicable by data scientists and practicing engineers.

In a recent study, Chen and Lerapetriftodemonstra how to use partial correlation
analysis from multivariate statistics and mutual information analysis from information
theory to identify and improve the plamiodel mismatch in using a direct combined hybrid
model for a pharmaceutical manufacturing pescé\s the authors state, implementing this
plantmodel mismatch strategy requires active excitation of variables online in order to
capture the corresponding response data from the plant, which is often difficult to perform
in manufacturing plants and iexperimental settings, and could benefit from new
development in computing and information technology.

Lima et al®! propose a semiechanistic model building framework based on selective
and localized model extensions. They use a symbolic reformulafi a set of first
principle model equations in order to derive hybrid mechantipirical models. The
symbolic reformation permits the addition of empirical elements selectively and locally to
the model. They apply the approach to the identificatfoa morrideal reactor and to the
optimization of the OttoWilliams benchmark reactor.

5.4.2 Inverse Modeling

In inverse modelingwe use the output of a system to infer its corresponding input or
independent variables; this is different from fimevard modelingwhere we use the known
independent variables to predict the output of the syStéfigure 5.6 illustrates the inverse
modeling framework. We see that in the traditional detsed approach, we use process
variable data (X) and quality targgdita () to train and test a ML model. Because the plant
does not measure most quality tasgeintinuously, we can apply a sciefz@sed process
model, developed by first principles and validated by plant data, to predict and augment
the quality target da () for given process variable (X).
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Figure 5.6. Inverse Modeling Framework

One of the earliest applications of inverse modeling for chemical process was by
SavkovicStevanovic et. @ They usea neural network controller for product composition
control of a distillation plant based on the process inverse dynamic model relating the
product composition to the reflux flow rate. The results illustrate the feasibility of using
neural network for learning nonlinear dynamic model of the distillatiomnenlfrom plant
inputoutput data. Their results also demonstrate the importance to take trietayef
the plant into account.

Pharmaceutical product design and development typically uses the design of
experiments (DOE) and response surface modelRg§M) for steadystate process
modeling, while neglecting the process dynamics and time delays. Tomba®*ét al.
demonstrate how to use the inverse modeling concept to generate process understanding
with dynamic process models, quantifying the impactterhporal deviations and
production dynamics. Specifically, they perform dassed, latent variable regression
model inversion to find the best combination of raw materials and process variables to
achieve the desired quality targets. The authors prdpasenbine desigof-experiments
studies with hybrid modeling for process characterization.

Recently, Bayer &l° apply the inverse modeling approach to Eschericblisfed-batch
cultivations, evaluating the impact of three critical process variablesy compare the
performance of a hybrid model to a pure ddi@en model and the widely adopted RSM
of the process endpoints, and show the superior behavior of the hybrid model compared to
the pure blaclkbox approaches for process characterization. ifiverse modeling
methodology makes the decisiaraking process in pharmaceutical product development
faster, while minimizing the number of experiments and reducing the raw material
consumption.

Raccuglia et.dl’ train the ML learning model using réam data to predict reaction
outcomes for the crystallization of templated vanadium selenites. They demonstrate the use
of ML to assist material discovery using data from previously unsuccessful or failed
material synthesis experiments. The resulting mikdel outperforms traditional human
strategies, and successfully predicts conditions for new organically templated, inorganic
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product formation with a success rate of nearly 90%. Significantly, they show that inverting
the machindearning model reveals we hypotheses regarding the conditions for
successful product formation.

There is a growing interest in the inverse approach to material deign, in which the desired
target properties are used as input to identify the atomic identity, compositionustdrstr
(ACS) that exhibit such properties. Liao et&iresent a metaheuristic approach to material
design that incorporates the inverse modeling framework.Vankatasunrafhaadsm
mentions the importance of inverse problem being solved by the applicdtartificial
intelligence in chemical engineering processes.

5.4.3 ReduceeOrder Models

Reduceebrder models (ROMSs) are simplified models that represent a complex process
in a computationally inexpensive manner, but also maintain high degreewaeg of
prediction in simulating the process. In bioprocessing and chemical engineering, we can
apply the ROM methodology to simulate complex processes and then use ML models to
optimize the processes. See Figure 5.7. We can use ROMs to simulatatsidererios
and sensitivities in order to generate process data, which in turn can be combined with ML
models to build accurate soft sensors to predict quality variables. This approach helps to
make sure that the ML model is trained on process data wiltipte variations which is
not possible in a steady plant run. Hence,-thatsed sensors will be accurate for any future
process optimization, scale up etc. and it is also easier to deploy such models online.

Input Ty IR W 1A Empircal

P o R, A '-—‘!:d‘ | S— %’9{%& %\ Prediction

Operating I:t | 4 } | poe? Y = |

Conditions & Bz 4" == R Model fgr

Parameter 0 - Analysis
Science-Based Models Simulated Data ML Model

Figure 5.7. Reduced order process moddliamework

The concept oDigital Twin 8 in chemical process industry is also based on the concept
of Reduced Order Models of combining multiple models so that they can run multiple
processes simultaneously to simulate a virtual plant.

In one of the arliest applications of ROM, MacGregor et &hpply a PLS (projection
to latent squares or partial least squares) ML model of a polyethylene using process data
simulated from a process model to develop inferential prediction models for polymer
properties. This application involves a higiressure tabular reactor system producing low
density polyethylene, in which all the fundamental polymer properties are extremely
difficult to measure and are usually unavailable, and som@®measurements such as
the temperature profile down the reactor and the solvent flow rate are available on a
frequent basis. The dimensionality reduction aspects of PLS facilitates the development of
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a multivariate statistical control plot for monitoring the operating performahdee
reactors.

Reduceebrder models have also been calkenrogate modelfn the context of grey
box modeling techniques where fiystinciple models are combined with ddtased
optimization techniques. Rogers and Lerapetfftétpropose the usef surrogate models
as reduceabrder models that approximate the feasibility function for a process in order to
evaluate the flexibility and operability of a sciedz@sed process model, since it is difficult
to directly evaluate the feasibility due to ¢ebox constraints.

In a recent study, Abdullah et. Hlshowcase a datsased reducedrder modeling of
nortlinear processes that have tisale multiplicity to identify the slow process state
variables that can be used in a dynamic model. Agatval® use ROM for modeling
pressure swing adsorption process where they use-ditoansional approximation of a
dynamic partial differential equation model, which is more computationally efficient. In
another study, Kumar et. &° use a reducedrder steam methane reformer model to
optimize furnace temperature distribution. In a recent study, Shafet°etsa.a reduced
dimensional dynamic model for the optimal control of air separation unit. The model
combines compartmentalization to reduce thenber of differential equations with
artificial neural networks to quantify the nonlinear inmutput relations within
compartments. This work reduces the size of the differential equation system by 90%,
while limiting the additional error in productpuri es t o bel ow 1 -ppm ¢ 0 mg
order stagéy-stage model.

Our focus on ROM is more towards using the scidrased model to simulate process
data that can be used by ML models to derive empirical correlations for process
optimization. ROM ar@articularly useful in chemical processes for dynamic optimization
of a complex largecale process.
5.4.4Hybrid SGML Modeling for Uncertainty Quantification

A sciencebased model can produce results with some uncertainties which can be
guantifiedby some Ml-based techniques. The uncertainties in sciased models arise
from uncertainty in model parameters, and boundary and initial conditions. In some cases,
the model bias and assumptions can be a source of uncertainty as well. We can use the
predictions from a calibrated model to quantify uncertainties. dbated ML models like
Gaussian process, neural networks etc. are used to help build a surrogate model that defines
a relation between model inputs and outputs which can then be used toygtramtif
uncertainty. This surrogate dataased ML modeling reduces the computational expense
of Monte Carlo methods, which are traditionally used for uncertainty quantificatiod{UQ)

Because of uncertainty in process inputs and process states mieatlpgocess model,
the uncertainty propagates to the process outputs as well. The uncertainty in a science
based model due to any of the parameters or any of the prior knowledge can be used by a
ML model to quantify uncertainty in a chemical processhasva in figure 5.8. Duong et.
al®” uses UQ for process design and sensitivity analysis of complex chemical processes



using the polynomial chaos theory. Fenila et atilize UQ for electrochemical synthesis,
where they calculate simulation uncertainties and global parameter sensitivities for the
hybrid model. UQ has also been applied to understand complex reaction mechanisms.

Proppe et. al’ showcase kinetic siulations in discretéime space considering the
uncertainty in free energy and detecting regions of uncertainty in reaction networks. UQ
techniques are popular in the field of catalysis and material science as they are used to
quantify the uncertainty afnodels based on density functional thé&#y: In another
study, Boukouval and Lerapetritfddemonstrate the feasibility analysis of a science
based process model over a multivariate factor space. They use a stochaftasekhta
model for feasibilityevaluation, referred to as Kriging and develop an adaptive sampling
strategy to minimize sampling cost while maintaining feasibility.

Science-Based Model

ML Model
AP —
01 [ ¥ N
Inputs m— el W_Q 3 — X, m—) . diction
_ " Prior
Uncertainty Knowledge Uncertainty
In Process Inputs + Data + In Process Outputs
Parameters

Figure 5.8. Uncertainty quantification modeling framework
5.4.5Hybrid HGML Modeling to Aid in Discovering ScientificLaws using ML

One way in which ML can help scienrbased modeling is by discovering new scientific
laws which governs the system. There is a growing application of ML in physics to
rediscover or discover physical laws mainly by edti@en discoveryf partial differential
equations (PDE). ML can be used to develop an empirical correlation which can be used
as a scientific law in a scienttased model or ML can be used to solve the PDE defining
scientific laws as illustrated in figure 5.9.

Rudy et al 1% showcase the discovery of physical laws like the NeStekes equation
and the reactiodiffusion equation in chemical processes by a sparse regression method
governing the PDE by using a system of time series measurements. Langle{®et. al.
present the applications of ML in rediscovering some of the chemistry laws, such as the
law of definite proportions, law of combining volumes, determination of atomic weights
and many others.

Another important application of ML is to discover some of ttermodynamic laws
which can be useful in defining the phase equilibrium and critical for an accurate science
based process model. Nentwich et®alse datébased mixed adaptive sampling strategy
to calculate the phase composition, instead of the emgdjuatiorof-state models. In
another novel approach. In another novel approach Hoffmann'&digcovers governing
reactions from concentration data. They use a sparse tensor regression method for
identification of norlinear dynamics to estimatecamplex reaction networks.
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Thus, ML application can have promising use in discovering more accurate physical and
chemistry laws that govern the chemical process. These scientific laws calculated by ML
based models can then be utilized in fpahciple model to improve accuraeg well as
reduce model complexity.

ML Model
Develop s
New Correlation

Input

Data Scientific Laws

Solve Existing
Partial Differential Eqns

Science-Based Models

Figure 5.9. Discovering scientific laws
5.5. Science Compliments ML

Referring to Figure 5.1, we can also improve ML models using scientific knowledge.
We can improve the generalization or extrapolation capalaitity reduce the scientific
inconsistency of ML models by using scientific knowledge in designing the ML models.
The scientific knowledge can also help in improving the architecture of théased ML
model or the learning process of the ML model and eviimthe final pos{processing of
the ML model results.

5.5.1 Sciencésuided Design

In scienceguided design, we choose the model architecture based on scientific
knowledge. For a neural network, we can decide the intermediate variables expressed as
hidden layers based on scientific knowledge of the system. This helps in improving the
interpretative ability of the models. Figure 5.10 illustrates a neural network model whose
architecture like the number of neurons, hidden layers, activation layecartoe decided
by prior scientific knowledge. In a bioprocess application, Rodrigirenrose et. & use
the design of experiments (DOE) to create and evaluate a neural network architecture. They
use DOE to evaluate activation functions and neuroreaoh layer to optimize the neural
network. In their recent study, Wang et%ldesign their theornfused neural networks
based on adsorption energy principles for interpretable reactivity prediction.

The use of the novel neural differential egomat®® to solve a firsprinciple dynamic
system represents a hybrid SGML approach, where the architecture of ML model is
influenced by the system and finds applications in continuous time series models and
scalable normalizing flows. The derivative of tigh state is parameterized using a neural
network and the output of the network is computed using a differential equation solver. In
a recent study, Jaegher et!®luse the neural differential equation to predict the dynamic
behavior of electralialysis fouling under varying process conditions. In a recent
application of this theme in chemical process for model predictive control, W@ isd:



prior process knowledge to design the recurrent neural network stfiEhae showcase

a methodology to dggn the RNN structure using prior scientific knowledge of the system
and also employ weight constraints in the optimization problem of the RNN training
process. Reis et. &1t discuss the concept of incorporation of proessscific structure to
improveprocess fault detection and diagnosis.

Fuzzy Artificial Neural Networks(ANN) is a class of Neural Networks which utilize
prior scientific knowledge of the system is used to formulate rules mapped on to the
structure of the ANN'2 The weights of th& NN connecting the process input to output
can be connected to physical process varidtflespart from making the models more
scientifically consistent with prior knowledge they also reduce computational complexity
and provides interpretable results. Tuse of prior knowledge also makes them suitable
for extrapolation. Fuzzy ANN have been particularly useful for applications in process
control 12 Simutis et. al. have used fuzzy ANN system for industrial bioprocess
monitoring and contrdf*1°. Simuts et. al. have showcased the application of fuzzy ANN
process control expert to perform appropriate control actions based on process trends for
bioprocess optimization and contré¥.

No of features/neurons/hidden layers/activation function
Decided by prior Scientific Knowledge

W

Input Data ~ me—) O ) Prediction

Figure 5.10. Scieneguided design framework of neural network aetture
5.5.2 Sciencé&suided Learning

Here, we make use of the scientific principles to improve the scientific consistency of
databased models by modifying the machine learning process. We do this by modifying
the loss function, constraints and evke initialization of ML models based on scientific
laws. Specifically, in order to make the ML models physically consistent we make
the loss function of NN model incorporate physical constr&inésloss function in ML
measures how far antesated value is from its true value. A loss function maps decisions
to their associated costs. Loss functions are not fixed, they change depending on the task
in hand and the goal to be met. Figure 5.11 illustrates the sajeited loss framework.

We can define a loss function of the ML model (pstr regression to calculate the
difference between the true valuex( and the model predicted valuep(d. Likewise,
we can define a loss function for a sciebesed model (Loss), which is a function of
the model predicted value (Y_pred) consistent with sciased loss. We include a

weighting factor & to express the relative

overall loss function (Loss) as:
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Figure 5.8 illustrates the concept of sciegaéded loss function.
ML Model

Input
Data

‘ : Predictions

(Scientifically
consistent)

Loss

Newton's 2 Law of Motion

Scientific
Knowledge
Figure 5.11. Scieneguided loss function representation

A scienceguided initialization helps in deriving an initial choice of parameters before a
model is trained so that it improves model training and also prevents from reaching a local
minimum, which is the concept of transfer learning. Thus, we carhaesdata from a
sciencebased model to pieain a ML model based on this concept of initializattéri.

This concept has been utilized in chemical process model in the form of process similarity
and developing new process models through migrationrticpiar, Lu et. al*!introduce

the concept of process similarity, and classify it into attritmateed and modddased
similarities. They present a model migration strategy to develop a new process model by
taking advantage of an existing base moded] jprocess attribute information. Adapting
existing process models can allow using fewer experiments for the development of a new
process model, resulting in a saving of time, cost, and effort. They apply the concept to
predict the melflow-length in injetion molding and obtain satisfactory results.

In another study on the similar concept, Yan et'lse a Bayesian method for
migrating a ML Gaussian process regression model. They showcased an approach of an
iterative model migration and procesgiopzation for an epoxy catalytic reaction process.

Recently, Kumar et. af°try to optimize the No/Newtonian fluid flow for industrial
processes like crude oil transportation using a phyb@ased loss function for the shear
stress calculation fomore accurate flow predictions. In another study on the similar
principle, Pun et. al*?° apply physicdnformed neural networks for more accurate and
transferable atomistic modeling of materials.

5.5.3 ScienceGuided Refinement

By scienceguided efinement, we mean the pgstocessing of ML model results based
on scientific principle. The raw data without any feature engineering can be used as input
to a ML model for prediction and then the sciebesed model can be used to test the
scientific corsistency of ML predictions. Figure 5.12. illustrates the sciguided
refinement framework This pegrocessing of results of the ML model using science
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based models can be useful to the design and prediction of material stticlimes, the
discoveryof materials forms the basis of chemical process development from which the
manufacturing process of any compound can be designed. This is different than the serial
direct hybrid model discussed in Section 5.3.1.2. In particular, we use the duseseck
model to merely test the scientific consistency of the ML model results. Hautiet*t. al.
use firstprinciple models based on density functional model to refine the results of
probabilistic ML models to discovery ternary oxides.

Another applicatiorfor scienceguided learning is for data generation. ML techniques
like generalized adversarial networks (GAN) are useful for generating data in an
unsupervised data. GANs do have a problem of high sample comphekigh can be
reduced by incorporating st sciencéased constraints and prior knowledge. Cang et al.

115 apply ML models to predict the structure and properties of materials and use the results
of the ab initio calculations to refine the ML model results. They generate more imaging
data for poperty prediction using a convolution neural network and introduce a
morphology constraint form scientific principles, while training of the generative models
so that it improves the prediction of the structym®perty model.

Intermediate Refined
Raw Input Results Prediction
Data MASS ACCELERATION FORCE
= P

Scientific Principles

Figure 5.12. Scieneguided refinement framework

Thus, some of these methodologies of having science complimenting ML have much
potential for future applications to bioprocessing and chemical engineering.

5.6. Conclusion

Table 5.1 summarizes all the hybrid SGML models and #wiantages, limitations and
potential applications.

We present a broad perspective of hybrid modeling with a secguided machine
learning (SGML) approach and its application in bioprocessing and chemical engineering.
We give a detailed review andposition of the hybrid SGML modeling approach and its
applications, and classify the approach into two categories. The first refers to the case
where a datdbased ML model compliments and makes the-firgiciple sciencéased
model more accurate in pretion, and the second corresponds to the case where scientific
knowledge helps make the ML model more scientifically consistent. We point out some of
the areas of SGML which have not been explored much in chemical process modeling and
have potential for fuher use like in the areas where Science can help improve the data
based model by improving the model design, learning and refinement. We have recently
submitted a modified version of this chapter in AIChE journal and it is under réfiew
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Table 5.1 Summary of hybrid SGML approach

Hybrid SGML | Science| ML Advantages | Limitation | Potential
Modeling -based | model S applications
model
/knowle
dge
ML compliments Science (base mod
Science Based)
Direct | Series Science| Regression | Parameter | Limited Kinetic
Hybrid -based estimation, | by data for| estimation’®
modeli model data parameter| soft  senso
ng (SBM) augmentatio| estimation | 5186
n process
modeling?®®
process scale
up*

Parallel SBM Regression | Improved Scientific | Process
accuracy of consistenc| control36:43.72
prediction |y dependq softsSensof®

on SBM | process
monitoring®®
predictive
maintianance
66,74

Series SBM Regression | Higher Increased | Process

parallel Accuracy Model monitoring

complexit | and controP®
y plantmodel
mismatcht’
Inverse modeling | SBM Probabilistic| Computatio | Lower Product
, nally generality | design ano
Regression | cheaper of the| development
inverse model 84,85
problem polymer grade
change,
material
desigi’
Reduceebrder SBM Regression | Fast onlinel Higher Process
models deployment,| Bias, Optimization
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reduce limited by | at plant scale
model SBM 8485
complexity | accuracy | dynamic
modeling®3:9°
soft Sensof*
feasability
Analysis®192
Uncertainty SBM Probabilistic| Gives  real| Limited Process
quantification error by SBM | designand
estimate ang assumptio | development
solution ns, o7
space parameter | feasability
S Analysis'®?
Discovering SBM Regression,| System Limited Thermodyna
scientific law probabilistic | stability by data] mics
interpretabil | size/availa| phase
ity bility equilibriumto®
Reaction
Network 19
Science Compliments ML (base mode
ML)
Scienceguided Laws or| Deep neura| Scientificall | Requires | Dynamic
design SBM network y consisten{ deep time-
(DNN) and scientific | dependent
Neural Diff. | interpretablel knowledg | systemg©®
Eqn. e of | process
system contro| 110111
Scienceguided Laws DNN Scientificall | Possible | Process
learning y consistent lower design ano
and prediction | development
interpretablel accuracy | 19,
process
Monitoring,
Scienceguided SBM Probabilistic| Less effort| Limited Process
refinement in  feature| by SBM | design,
selection assumptio| discovery of
ns, materials'©®
parameter
s
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Chapter 6: Application of Hybrid ScienceGuided Machine Learning for Polymer
Processes Improvement

6.1. Introduction

The hybrid sciencguided machine learning techniques (SGML) integrate science
based knowledge and dditased knowledge for an accurate and scientifically consistent
prediction as showcased by Sharma and*lamd chapter 5 as well. Polymer processes
such as Ziegler Natta Polyolefin process which is a rsitél catalytic process there are
many unknown reaction kinetic parameters which needs to be estimated with limited
information. The thermodynamic parameters like phase equilibrium/interaction paramet
of some polymers are also uncertain. The process is highly exothermic and heat transfer is
important to defining process physics, the parameters of which may be based on certain
assumptions. Thus, the firgtinciple-based polymer process models ardtlmn many
assumptions which lead to less accurate predictions. Similarly, febda&al analysis of
polymer processes, the lesser frequency of quality measurements in certain cases becomes
a limitation. Also, datdbased models may tend to give scieadfly consistent results
beyond the process operating range on which the models are trained. Thus, hybrid models
combining sciencéased models and machine learning models are quite useful for polymer
process modeling.

There have been limited applications of hybrid modeling on polymer processes over the
years. Tsen et. af. showcase one of the earliest applications of hybrid modeling for
predictive control of a batch polymerization process. They used a hybrid modehicamb
the physics model and a neural network model to control polymer quality parameters like
dispersity and molecular weight. They have trained a-blasad neural network model
using an augmented data set combining results from a chemical process nubdel a
experimental data. They have shown their hybrid model performing better than a
theoretical model built only on experimental data.

Tian et. al2> work on a hybrid residual model to accurately predict the gel effect in the
batch polymerization procesThey use the hybrid model for optimal temperature control
of reactor temperature. First, they develop a simplified process model based on
polymerization kinetics, and mass and energy balances to predict the monomer conversion,
numberaverage molecular eght MWN, and weightiverage molecular weight MWW.

This firstprinciple process model cannot predict these product quality targets accurately
because of its neglect of the gel effect at high monomer conversion and other factors. Next,
the authors develoa parallel configuration of three dabased, timelependent or
recurrent neural networks trained by process data to predict the residuals of monomer
conversion, MWN and MWW of the simplified firginciple process model. The
predicted residuals are adt® the predictions from the simplified process model to form
the final hybrid model predictions. Because of focus in batch process control is on-the end
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of-batch product quality targets, the use of tidependent or recurrent neural networks
can usuallyffer good longrange predictions.

Hinchliffe et. al.* apply the hybrid modeling approach for modeling an industrial
polyethylene process for accurate prediction of the Molecular Weight Distribution(MWD)
of the polymer. They use Neural Network to oot some of the multipliers to some
important features that affect the MWD in the mechanistic model like the mass fraction of
polymer produced at each sites and degree of polymerization.

Doyle et. al® apply the hybrid modeling strategy for batchbatch control of particle
size distribution in an emulsion polymerization process. They combine thprfirsiple
population balance model with a ddtased partial least squares model for controlling the
particle size for batecko-batch optimization. Bang et. af use a hybrid modeling approach
for dynamic modeling of a batch polymerization process. They include some of the state
variables which could not be measured by mechanistic models and then combine the model
results with the measurements inearal network rate function model for better prediction.

In this chapter, we showcase some more applications of the hybrid SGML methodologies
for industrial polyolefin process improvements.

6.2. Polyolefin Process and Data Description
6.2.1 Industrial parallel/single reactor HDPE process

For most of the applications, we consider an industrial HDPE prasessgactual plant
data from LG Petrochemicals in South Korea by Park €t. Eie industrial process is a
slurry single reactor (parallel proces&jegler Natta process. We first estimate the
polymerization kinetic parameters from plant production targets in a sséadymodel
using Aspen Polymers based on our reported method&ldgyis results in a validated
Aspen Polymers steaghtate simulatin model. Next, we convert the steagtgte model to
a dynamic model using Aspen Plus Dynamics. We use the dynamic model to simulate the
product quality data for different process operating conditions, which include the data
characterizing the polymer gratransitions. Figure 6.1 shows the process flowsheet of the
parallel HDPE process.

The data consist of the input stream flow rates and product quality targets varying with
time at the two reactor outlets. The dataset consists of about 5000 observiiae 6.1
summarizes the process variables and quality targets for the parallel HDPE process
Table 6.1. Process variables and quality targets for the parallel HDPE process

Process variable Description

C2 Ethylene feed flow rate (kg/hr)

H2 Hydrogen &ed flow rate (kg/hr)

CAT Catalyst feed flow rate (kg/hr)

HX Hexane solvent feed flow rate (kg/hr)
C3 Comonomer feed flow rate (kg/hr)

T Temperature of the reactor (C)

13¢



P Pressure in the reactor (Bar)

H2/C2 Feed concentration ratio in the reactoretiylene to
hydrogen

C3/C4 Feed concentration ratio of Propylene to Butyl
monomer

Ml Melt Index of polymer

E20M10UT

Figure 6.1. Process flowsheet of industrial parallel HDPE process
6.2.2 Industrial series reactors slurry HDPE process

We also simulate a twieactor slurry HDPE process by Mitskthylene is the monomer
for the process and propylene or butylene is comonomer. Hexane is used as a diluent to
dissolve the monomer, anonomer and hydrogen. The process variables are stown
figure. Figure 6.2 shows the flowsheet for the process made in Aspen Polymers and Table
6.2 summarizes the process variables.
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Table 6.2Process variables for the series reactor HpRIEess
Process Variable

C21 | Ethylene monomer flow in the feed to the first reactor (kg/hr)
H21 | Hydrogen flow in the feed to the first reactor (kg/hr)
CAT | Catalyst flow in the first reactor (kg/hr)

HX1 | Solvent flow in the first reactor (kg/hr)

C42 | 1-Butene cemonomer flow in the second reactor (kg/hr)
C22 | Ethylene monomer flow in the second reactor (kg/hr)
H22 | Hydrogen flow in the second reactor (kg/hr)

HX2 | Solvent flow in the second reactor (kg/hr)

Quality Target

Ml Melt index

Rho | Polymerdensity (kg/ m)

PDI Polydispersity index

P Polymer flow rate (kg/hr)

We simulate grade change for the process to simulate dynamic data. Figure 6.5 ishows t
grade change simulated for 4 grades with different Melt Index and Density values.

100.00 | 0.966
90.00 - M
Rho 0.965
80.00 -
a4
70.00 - 0.964
60.00 - 3 2
_ 0.963 E
= 50.00 - o
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0.00 . . . . . . . - 0.959
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Time (hr)

Figure 63. The variation of the quality data (MI and Rho) with time for different HDPE
grades
6.2.3. Industrial Hypol PP process

We also simulate the Hypol PP procebBtsui Hypol process is used for making
polypropylene (PP) homopolymers and propytetieylene impact copolymer. The
process consists of two autoclave reactors in series followed by two flulakzedactors
(FBR). It is a mixeephase process with the fluid phase in the autoclave reactors and gas
phase in the FBR. The FBRs have scrapers to mi@ifouling for making highubber
content impact copolymers. Figure 6.4 shows the flowsheet for the and the table 6.3 lists
the process variables.
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Figure 6.4. Process flowsheet for industrial Hypol process
For this process, we simulate steadigte sensitivity data by varying the independent
process variables. The simulated dataset for the two processes have 200 observations.

Table 6.3: Process and quality variables of Hypol process

Process Variable
C31,C32, C33, C34| Propylene monomer flow in each of the reactors (R1, R2,R3,R4)(K
H21, H22, H23, H24 Hydrogen flow in each of the reactors (R1,R2,R3,R4) (kg/hr)
CAT Catalyst flow in the first reactor (kg/hr)
HX1 Solvent flow in the first reactor (kghr
C24 Ethylene cemonomer flow in the %reactor (kg/hr)
T1, T2, T3, T4 Temperature in each of the reactors (R1, R2, R3, R4) C
P1, P2, P3, P4 Pressure in each of the reactors (R1, R2, R3, R4) Bar
Ml Melt Index (QualityTarget)

6.2.4. Industrial LDPE process

We model a higipressure industrial LDPE process which follows the free radical
polymerization mechanism and consists of Rigessure tubular reactors in series/parallel
arrangement as shown in the flowsheet in figure 6.5. Table 6.4 listsl#pendent process
variables and product quality for the LDPE process. Due to free radical kinetics both long
chain and short chain branching also need to be tracked to determine the LDPE polymer
properties. The feed to the process is ethylene monor2gafi two initiators are benzoyl
peroxide (INI1) and dt-butyl-peroxide (INI2)
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Figure 6.5. Process flowsheet of the industrial LDPE process
Table 6.4. Process variables and Qudbtyl. DPE process

Process Variable

E2 Ethylene feed flow (kg/hr)

INITF1 | Flow of initiator into the mixer(M1) INITRIkg/hr)

INITM1 | Mass frac of INI1 (stream INITR1)

INI2ZM1 | Mass Frac of INI2 (stream INITR1)

Cwi Cooling water flow rate to 1st reactor RPLUG1 (kg/hr)

TCW1 Temperature of cooling water irf Ireactor RPLUG1 (C)

Cw2 Cooling water flow rate to 2nd reactor RPLUG2(kg/hr)

TCW2 | Temperature of cooling water ifi%2eactor RPLUG1 (C)

INITF2 | Flow of initiator into the mixer(M2) INITRg&g/hr)

INILM2 | INI1 Mass frac (INITR2) flow

INI2M2 | INI2 MassFrac (INITR2) flow

Cws3 Cooling water flow rate to'8reactor RPLUG3 (kg/hr)

TCW3 Temperature of cooling water iff 3eactor RPLUG3 (C)

Cw4 Cooling water flow rate to%reactor RPLUG4 (kg/hr)

TCW4 Temperature of cooling water iff'4eactor RPLUG4 (C)

Product Quality Target

LCB Long Chain Branching in LDPE polymer (kmol/hr)

SCB Short Chain Branching in LDPE product (kmol/hr)

MWW Weight Average Molecular Weight of LDPE polymer

MWN Number Average Molecular Weight of LDPE polymer

POLYF | Mass flow rate of LDPE polymer

14C



6.3. An Application of Combined Direct Hybrid Modeling to Polyolefin
Manufacturing

We apply the combined direct modeling strategy to an industrial polyethylene process
for the prediction of melt index. We buildfirstprinciple steadystate model of a Mitsui
slurry highdensity polyethylene (HDPE) process by following the methodology and
kinetic parameters presented in Sharma anél Mile convert the steaestate simulation
model based on Aspen Plus to a dynamic simulation model using Aspen Plus Dynamics.
The resulting dynamic simulation model has similar independent process variables,
including the feed flow and compositions and trecter operating conditions. We use the
hybrid residual modeling strategyhere we use a firgirinciple or sciencdased process
model to quantify the timeependent prediction error or residual between plant data and
sciencebased model prediction as an@iion of process variables.
00 00 YQi Qb (1)

o) 0’0 'YQi )

Figure 6.6 compares the predictions of the4mshciple dynamic simulation model (in
red) with the plant data with grade transitions (in green). We see much deviation between
the model predictions (Mibgel ) and the plant data (Mkn). We comparghe MI values
from the model with the plant data and calculate the error residuals (Resjootmean
squareserror (RMSE) values of the model residual is tofbrsthe actual Ml data with a
standard deviation of 5.1.

To improve the accuracy of meldpredictions, we develop a regression model to predict
the error residues as a function of independent process variablgss{Xusing a random
forest ML algorithm with Python. This leads to a hybrid model that predicts the Ml value
as a sum of theymamic simulation model prediction (firptinciplebased) and the
predicted error residual (dabesed) corresponding to a give set of independent process
variable values, as shown in Equation.1Figure 6.6 shows that the hybrid model
predictions yith a RMSE value of 0.2Imatch the plant data much better than a-first
principle dynamic simulation model alone. We note that aldasad model alone has also
a similar accuracy, but it may give scientifically inconsistent results for predictions beyond
therange of process operating data which the model uses. Thus, the hybrid model is not
only accurate, but also gives scientifically consistent results beyond current operating
range.
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Figure 6.6. Melt index prediction of a combined direct hybrid model eoetp
to the firstprinciple model and plant data

As a test of the scientific consistency of the hybrid model we use the same conditions of
testing hybrid models beyond operating range at H2 = 95 m3talslé4.3. We compare
the hybrid model results with first principle and ML results in table 6. From the results we
can see hybrid SGML models are more accurate and scientifically consistent in
extrapolation of results beyond operating range comparecetérstprinciple and ML
models.
Table 6.5Model comparison based on Ml values at varying hydrogen flow

Model MI (H2 = 60 m3/hr) | MI (H2 = 95 m3/hr) (beyonc
operating range)

Plant Actual value 5 22

First principle 6.1 17

Causal ML model 4.7 15

Predictive ML model | 4.9 12

Hybrid Model 5.3 21.5

6.4. An Application of Inverse Modeling to Polymer Manufacturing
6.4.1. Predicting Operating Conditions of Different Polymer Grades

We illustrate the application of an inverse modeling approach that integratessiady
and dynamic simulation models of a Mitsui slurry HDPE process, developed from first
principles and validated by plant data, with a dzdaed ML model. The goal is predict
the operating conditions for producing new polymer grades, given the desired product
quality targets, such as melt index (Ml), polymer density (Rho), polydispersity index (PDI)
and polymer production rate (P).
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We first use the singleeactor industrial HDPE process to predict the operating
conditions. We with the simulated product quality data as input, and the process operating
conditions (flow rates of all input streams) as the output. We use an ensemblaemachi
learning regression model to regress the simulated data.

We apply the gradient boosting regressor model for predictions and also determine the
uncertainty in prediction using prediction intervals as shown in figure 6.7. The RMSE for
the hydrogen fed flow rate prediction comes to be 2.2 (uncertainty ranige) with actual
standard deviation of H2 flow being 22 kg/hr.We further use the stacked regression models
° with combination of ensemble models which predicts the operating conditions/feed flow
rates with a high accuracy.

- Observations

an —— Prediction
prediction interval
80
T0O
G0

50

Hydrogen flow

40 -

30 7

20

0 50 ltl){} l:l':- O 2 EI]"D 2 SID 3E|}0
Time

Figure 6.7. Hydrogen feed predictions for single reactor HDPE process using inverse
modeling including the uncertainty of predictions using gradient boosting regression.

We used tree regression models like the gradiendtba, ada boosting, Random forest
and Xgboost regression model for the stacked regression algorithm. We combine
regression models by first individually fitting the regression models and then the regressor
which performs best is chosen as the Meta regreskile the other three regressors are
chosen as the Initial regressors. We compared the prediction of the stacked regressor with
the individual ensemble regressors to come up with our stacking regressor. The RMSE
values for the prediction of some of theocess variables are compared for each of the
individual regressors gradient boosting, adaboost, xgboost and random forest regressors,
xgboost®has lower RMSE value as compared to other regressors, thus we chose it as meta
regressor while using othensemble regressors as initial regressor. Figure 6.8 shows the
stacked regression algorithm for prediction of the inverse model.
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Figure 6.8. Stacked Regression Algorithm

The stacked ML model predictions gave a low RMSE of 0.9 when compared tb actua
plant data for a standard deviation of 20.We predict all process variables for the parallel
HDPE process using the stacked regression model as shown in table 6.6. The table consists
of the mean and standard deviation of each of the process variablethéraatual data
and the RMSE and NRMSE predictions.
Table 6.6. Process variable prediction for parallel HDPE process using inverse modeling

Predicted variablg Data Data RMSE NRMSE
(kg/hr) Mean Stdev (test) (%)
(kg/hr) (kg/hr) kg/hr
H2 52 21 1.04 2
C2 8873 569 68.5 0.772005
CAT 26 5.6 1.03 3.961538
HX 22356 2734 219 0.979603
C3 51 44 2.83 5.54902
T 84 0.3 0.11 0.130952
P 3.1 0.7 0.2 6.451613
H2/C2 0.95 0.4 0.01 1.052632
C3/C4 0.4 0.37 0.014 3.5
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Now we also test the inverse modelmgthodology on the HDPE series reactor process
and predict more process variables for the-teaxctor process. We use the same stacking
regression model for prediction. Table 6.7 and figure 619 ghowcase the predictions of
the process variables for teeries HDPE process using the inverse modeling methodology.

Table 6.7. Prediction of operating conditions for series HDPE process

Predicted variablg Data Data RMSE NRMSE
(kg/hr) Mean Stdev (test) (test)
(kg/hr) (kg/hr) kg/hr %
H21 5 0.98 0.04 0.8
Cc21 5750 49 0.4 0.006957
CAT1 255 0.54 0.003 0.001176
HX1 14980 186 1.1 0.007343
Cc22 5450 49 0.35 0.006422
C4 1030 76 0.43 0.041748
HX2 2020 35 0.93 0.04604
H22 0.75 0.24 0.0011 0.146667
Observed H21 (k) Observed C21(kg/hn
Figure6.%. Figure 6.9b.

Figure 6.9a. Inverse ML model prediction v/s the observed datgdoogen flowH21)
Figure 6.®. Inverse ML model prediction v/s the observed dataefloylene monomer
flow (C21)
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Figure 6.9c. Inverse ML model prediction v/s the observed datafalyst flow(CAT1)
Figure 6.9d. Inverse ML modelrediction v/s the observed data fartlenecomonomer
flow(C42)

The %RMSE on predictions are less than 2.5% on the average for both the examples.
Hence, we are able to accurately predict the operating conditions using inverse modeling
methodology. Thus, if we want to produce a new polymer grade given its qualitysfarget
we can predict the operating conditions required to produce that polymer grade using the
inverse modeling approach.

6.4.2. Kinetic Estimation Using Inverse Modeling

Another application of inverse modeling can be for parameter estimation as etter
model calibration. We showcase the inverse model approach for estimation of kinetic
model parameter for the HDPE process. We use the methodology to estimate the catalyst
site concentration which is one of the assumed parameters that we use éingntc:

Ziegler Natta process as even mentioned in the kinetic estimation study by Sharma and
Liu8. The ultimate aim of this inverse model application is to showcase that given the
polymer quality characteristics we can estimate some assumed modeltpesdarenore
accurate predictions. We calculate a multiplication factor to the rate constants to account
for the assumed model parameters for their better estimate.

We use the dynamic process model of the HDPE process to generate data for different
values of the multiplying factor to the rate constant. We simulate the grade change dynamic
data with different values of the rate constant keeping the grade change process same. The
process variable changes in hydrogen flow, ethylene flow rate etc. aréosaaeh of the
values of the rate constant and collate the polymer quality data mainly the Molecular
Weight, Polydispersity and Polymer flow with time. Thus, we consider the polymer quality
data as the features and use it to predict the multiplyingrfdetiding the model assumed
parameters for catalyst concentrations. Figure 6.10 illustrates the kinetic estimation
methodology.
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Figure 6.10. Inverse Modeling modelling framework for kinetic parameter estimation

We use a Neural Network model with Ritien layers with 512 and 256 neuron sand
Rectified Linear Unit as activation function. A loss function in ML measures how far the
model estimated value is from the actual value. The loss curve for the training and
validation of the model is shown in figur6.11. The RMSE value for prediction of
multiplying factor is 0.1.Thus, given any new set of quality parameter we can infer the
multiplication factor of the kinetic rate constant that will lead to a more accurate
assumption and better kinetic estimatiowl @rediction.

model loss
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i =111
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Figure 6.11. Loss curve for prediction of inverse modeling kinetic parameter estimation

6.5. An Application of ReducedOrder Modeling to Polymer Manufacturing
6.5.1. ReduceeDrder Modeling of Hypol PP process

We illustrate the ROM nthodology in a HYPOL polypropylene production process.
The Hypol process is complex with series of reactors, separators and recycle loops. The
process has many operating variables, such as feed flow rates of propylene, hydrogen to
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each reactor, and temptre and pressure in each reactor. We consider 19 critical
independent process variables for the Hypol process as shown in table 6.3. It is critical to
guantify the effects of operating variables on the polymer quality targets, particularly melt
index, inorder to design or optimize the process. To achieve this, we need multivariate
process data which are not usually available in a steady running plant. Hence, we use the
ROM methodology. We build a simpler model with reduced complexity and build a digital
twin of the whole process and then we use the model to simulate the multivariate data.
We model the HYPOL polypropylene production process and then run multiple-steady
state simulations to generate multivariate data with varying operating variabléseand
corresponding melt index predictions. We use a random forest ML model to train the
simulated data to predict the melt index as a function of the process variables and also
understand the causality of important features affecting the polymer quastgaWwuse
the empirical ML model of melt index can be used to predict the melt index at varying
process variables and can act as an approximate quality sensor. The RMSE for prediction
is 0.5 for the data with standard deviation 2.5. Thus, the multivacat@lex process can
be approximated using this ROM for process design and optimization a shown in figure
The ML model also decides the relative importance of different operating variables
based on the mean decr ease iieof hdwrmucheach mpur it
operating variable feature reduces the variance in the model. Figure 6.12 (B) illustrates that
the model calculates the important features like hydrogen flow rate (H24) and the
temperature to the fourth reactor (R4T) as the most importaiables affecting the melt
index, which can then be used to find the optimum conditions to produce polymer of certain
melt index and to improve the process design for a new process.

Feature Importance for Melt Index Prediction

18 4
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Figure 6.12. Figure 6.1D.

Figure 6.12. Melt Index comparison of observed v/s prediction
Figure 6.1D. Feature importance for melt Index prediction:
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6.5.2.ReducedOrder Modeling of Industrial LDPE process

The highpressure LDPE process is a complex process with many reactors in
series/parallel operations. It has 15 critical independent process variables and also has
multiple polymer product quality characteristics like branchinariafpom the Molecular
Weights that affect the final polymer quality. We use the concept of the ROM to build
empirical datebased model to predict LDPE quality variables based on the input process
variables. We generate multivariate data by sensitivitlyaiseof the independent process
variables and then build a machine learning model to predict the LCB/SCB and
MWW/MWN. Branching LCB and SCB determine the polymer properties like
morphology and rheology. Hence, it is critical to predict the branchingfferaht grades
based on different applications. Hence, we build empirical ML based models for branching
prediction of LDPE apart from the Molecular Weights.

We use the Xgboost model for prediction of branching, which gives a good fit with a
very low RVISE of 0.0002. The prediction of SCB and LCB (kmol/hr) for the test data is
shown in figure 6.13 A. We also find that the most important feature based on the node
impurity decrease for prediction of branching both (SCB, LCB) is ethylene mass flow (E2).
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Figure 6.13. Figure 6.18.

Figure 6.13. Prediction v/s Observed values of branching SCB
Figure 6.18. Prediction v/s Observed values of branchu@p
6.6. An Application of HGML Modeling to Uncertainty Quantification in Polymer
Manufacturing

We quantify the uncertainty of the chemical process model in predicting the melt index
for the industrial HDPEprocess described in Section. This uncertainty in prediction may
result from the estimated kinetic parameters of the process, which propagates to the quality
output as well. Uncertainty in a process can be classified into two main types.
Aleatoric Uncertaity: This is the Inherent Uncertainty in the process/data also refers to the
irreducible noise
Epistemic Uncertainty: This is the uncertainty due to the model which has parameters
whose values are uncertain due to limited data. This is reducible ungedsioan be
reduced by ading more data.



Bayesian Neural Networks are particularly useful for Uncertainty Quantification as
they are able to capture both the irreducible noise/inherent uncertainty in the data as well
as the due to uncertainty abdbe model parameters due to limited training data. The
Bayesian NN learns weight distributions instead of specific weight values. We use Monte
Carlo methods to sample the output for the weight distributions to calculate the uncertainty
given the prior angbosterior distribution of weights. We refer to Keras tutorial for this
analysis'?.

We generate the data from the process model and showcase the use of bayesian neural
network for predicting the uncertainty in predicting normalized melt index as simown
figure 6.14. The uncertainty lies between 0.25 for the normalized predictions.
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Figure 6.14. Uncertainty prediction of Melt Index using Bayesian Neural Networks

Since deep learning models are more computationally expensive for a smaller dataset
and for this case we are more interested in deterministic results. The probabilistic Bayesian
neural network are more useful for prediction of output distribution in processes where are
stochastic in nature, which is not the case for this polymer proc#ssm. Also, ensemble
learning model seems more accurate for prediction of this mesized process data we
will recommend the calculation of deterministic prediction intervals using ensemble
methods.

For this case, we use a gradient boostiigL model for Melt prediction. We make use
of the concept of quantile regressiéh loss to create prediction interval. Quantile
regression estimates conditional quantile (percentile like medians) of the response
variables by minimizing the quantile loss toegict a quantile. Quantile regression is
suitable to model uncertainty of a regression model with increasing variance of residuals.
For example, if we calculate the 0.977 and 0.023 percentiles/quantiles, the prediction
interval between them has 95% prolippf values within the interval.
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We can use the quantile regression loss in any regression model to estimate prediction
intervals. The gradient boosting model uses the quantile loss to predicttaad Q¢
guantile and use the predictions asraerval. Figure 6.15 illustrates the uncertainty in the
prediction of melt index given by the range of the prediction interval which lies between
the 10% and 90% confidence intervals. The resulting RMSE value lies within 0.94 to 1.1,
with the standard deation of melt index data equals 5.1. From the figure, we see a higher
uncertainty in prediction for time less than 100 hours compared to the later stage. Thus,
UQ helps in making better process decisions after knowing the error estimate of the model.
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Figure 6.15. Uncertainty quantification of melt Index prediction of a slurry HDPE process
6.7. Anillustrative Example of ScienceGuided Learning

Physicsbased loss functions in neural networks have been used to make more
scientifically consistent andccurate prediction® .We showcase the application of the
scienceguided loss function in the slurry HDPE process for the industrial HDPE process
described in Section 2.1.4. The goal is to predict the melt index of the polymer. The plant
data only mease the polymer melt index as the quality output, but we also want the data
based ML model to predict the scientifically consistent polymer density values.

We express polymer density as a function of the melt index using some empirical
correlations andeplace®d QO®Bp ®A O 'O , thatis, density as an empirical
function of the meltindex. See Eq. (3) below. We then train a deep learning neural network
model to predict the melt index of the polymer. Figure 6.16. illustthtsthe SGML
hybrid model calculates the melt index, resulting in a RMSE of the melt Index that is
slightly higher (RMSE = 0.8) (standard deviation of data= 5) compared to a standalone ML
model. However, in addition to predicting the melt index valueshtfbrid SGML model
is simultaneously predicting the polymer density correctly within the physically consistent
range of 0.94).97 g/c. By contrast, the density estimates by the ML model alone result in
density values greater than 1, which is physicaltpmsistent.
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Figure 6.16. Melt index and polymer density predictoth a ML model with a scienee
guided loss function
6.8.Conclusion

We showcase the applicatiof the Science Guided Machine Learning techniques for
polymer processes for scientifically consistent and accurate predictions. These techniques
can be useful for building soft sensors for polymer quality, polymer process design and
development and help polymer grade change.
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Chapter 7: Conclusionand Future Work
7.1. Conclusion

In this work, we have demonstrated an effective methodology for estimating kinetic
parameters for ZiegleMatta polymerization for commercial processes producing
polyolefins, such as HDPE, PP andADE. We consider the catalyst activation, initiation,
propagation, chain transfer, deactivation and other pohgpecific reactions. We have
identified the reaction rate constants in Zieglatta polymerization kinetics that have
most significant impas on common production targethisgreatly simplifies the kinetic
parameter estimation for simulation and optimization models for polyolefin processes from
plant dataWe showcase the utility of dynamic models for efficient grade transition in
polyolefin processes. We also use the dynamic models for inferential control of polymer
processesThus, we showcase the methodology for making-firsiciple polyolefin
process models whidre scientifically consistent, but tend to be less accurate due to many
modeling assumptions in a complex system

We have illustrated the utility of multivariate statistical methods, such as partial least
squares (PLS) for causal analysis to identify correct correlations between input and outputs
in polymer process application. We also showcase the utility ofbdetad machine
learning (ML) methods such as ensemble random forest for predicting the process outputs
e.g. the melt index (MI). We also identify the Dynamic PLS model utility in dynamic time
series process data by considering the measuremenWagndude that a datébased
model alone haa highaccuracy, but it may give scientifically inconsistent results for
predictions beyond process operating data which the modelanseslso not able to
accurately simulate individual feature importance.

We present a broad perspective of hybrid modeling with a scignmked machine
learning (SGML) approach and its application in bioprocessing and chemical engineering.
We give a detailed review and exposition of the hybrid SGML modeling approach and its
applicdions, and classify the approach into two categories. The first refers to the case
where a datdbased ML model compliments and makes the-firgiciple sciencéased
model more accurate in prediction, and the second corresponds to the case where scientifi
knowledge helps make the ML model more scientifically consistent. We point out some of
the areas of SGML which have not been explored much in chemical process modeling and
have potential for further use like in the areas wiserence can help improvedidata
based model by improving the model design, learning and refinement. We also illustrate
some of these applications of the hybrid SGML methodologies for industrial
polymer/chemical process improvement.

Based on our analysis, we recommend the @istaodalone machine learning models
for data analytics of chemical and polymer processes for interpolation applications like
guality predictions in an established process with fixed operating conditions and model is
trained on the data of the given ogderg range. For applications requiring extrapolation
like new process and product development, we recommend the use of the hybrid science
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guided machine learning models since they also focus on the scientific consistency of
predictions and not just accuyac
7.2. Future Work

In this section, we suggest some of the research directions and ideas in which the current
research can move forward.

There is opportunity in utilizing more of process operating knowledge in designing
machine learning architects which will yield practically relevant predictions. We can
integrate multiple firsprinciple models at different stages along with the machine learning
(ML) models. For example, for the polymer processes, molecular simulation can be used
to estimate somof the thermodynamic phasquilibrium parameters that can be used in
the macrescale process model. Similarly, for certain parts of the process model which
require deeper insights into mixing, mass and heat transfer as in modeling the fluidized
bed reator in polyolefin process, we can utilize computational fluid dynamics for
modeling the system. ML can be used in any of theirisiciple models for estimation of
parameters.

In current times, we have seen the growing use of reinforcement leaRbiha (many
artificial intelligence applications like robotics where an agent learns behavior through trial
error interactions in a dynamic environment using a reward policy. For process analytics,
RL can be particularly useful for process control and tooinig, hence can be utilized for
polymer process control as well. Computer vision along with deep learning has many
applications like selfiriving cars can also be useful for chemical/polymer manufacturing
as well. For instance, computer vision can beldsaletect final polymer quality based on
its color and structure. Similarly, the image data from different spectroscopic methods
which yield molecular weight distribution curves can be trained using a convolution neural
network to predict some polymerajity parameters.

Currently in ML field, researchers are also working on the interpretability of machine
learning/deep learning models to make the blamk models more interpretable. The
interpretability of models can be in the form of feature sumrsiatystics/visualizations or
model internal like learned weights. The methods of interpretation can be-spadéic
or model agnostic. Thus, using these techniques for chemical/polymer process data
analytics, we can simultaneously make interpretableaaodrate predictions
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Appendix A
(Chapter 2)

A.1l. Hypol PP Process

Mitsui Hypol process is used for makingolgpropylene (PP) homopolymers and
propylene ethylene impactapolymer.The process consists of two autoclave reactors in
series followed by two fluidizeted reactors (FBR). It is a mixguhase process with the
fluid phase in the autoclave reactors and gas phase in the FBR. The FBRs have scrapers to
eliminate fouling for maig high rubber content impact copolymafge havedeveloped
a steadystate model of the Hypol process using Aspen Polgfoeestimating the kinetic
parameters usinglantdata The process consists of four continuously stirred teaktors
(CSTR) in sees. The first three CSs are used to make the PP hepabymers while
the fourth reactor makes the PP impact copolymigure S1 shows the Aspen flowsheet
of the process.

A.1.1 Reactions

The man reactions we considesi(igle siteYor the Hypol procesareas follows.
Reactants Products

Catalyst Activation

Cps[Cat] -> Po(Act- Spon)

Cps[Cat] + H2> Po(Act-H2)

Chain Initiation

Po > P1[C3Seq]

Po -> P1[C2Seq]

Propagation

Pn[C3SEG] + C3H6-> Pn+1[C3Seq]

Pn[C3SEG] + C2H4-> Pn+1[C2Seq]

PrC2-SEG] + C3H6-> Pn+1[C3Seq]

Pn[C2SEG] + C2H4-> Pn+1[C2Seq]

Chain Transfer to monomer

Pn[C3Seqg] + C3h6 -> Dn + P1[C3Seq]

Pn[C3Seqg] + C2h4 -> Dn + P1[C2Seq]

Pn[C2Seqg] + C3h6 -> Dn + P1[C3Seq]

Pn[C2Seqg] + C2h4 -> Dn + P1[C2Seq]

ChainTransfer to Hydrogen

Pn[C3Seg]+H2 -> Dn + Po

Pn[C2Seg] + H2 -> Dn + Po

Spontaneous Deactivation

Po/Pn -> Cds+ Dn

* where Cps is an activated catalyst siRg is the empty siteP1[Ciseq] is the site with
polymer segment from propylene or ethyle@ds is a dead catalyst site, &bl isadead
polymer.
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FigureAl. Flowsheet for Hypol simulation

A.1.2. Targets
Based on the available plant dathe targets we use for estimation and validation of
kinetics are
Singlesite Targets
- Productiorrate
- Numberaveragemolecularweight (MWN)
- Co-monomer contert (ratio of C2/C3 segmentghylene content (Copolymer)

Multiple-sitetargets
- Polymerpolydispersity ndex (PDI) of polymer
- MWN total and produced at each site
- Production rate total and produced atle site
- Co-monomer contert (ratio of C2/C3 segment&hylene content (Copolymer)

Note: In this casewe do not havedata for atactic fraction and melt index so @anot
consider those reactions

A.1.3 Deconvolution

We usethe GPC data for the finalofypropylene to deduce the number of sites of the
Ziegler Natta catalyst (assumiragsimilar distribution for lsmo-polymer and copolymer
since the fraction of ethylene is lowtlmefinal polymer).The resulting number of catalyst
sites from deconvolutioms 4. The fraction ofpolymer molecularweight in each site
appears below:

Site 1 2 3 4
Frac. Area 0.249 0.086 0.511 0.154
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Figure A2.Deconvolution Curve for PP made from catalyst with 4 active sites

A.1.4. Kinetic Estimation Algorithm

We divide thanodeling strategy into single site and multiplesiWwemake aclosedloop
steadystatemodel for the two grades. The two grades have different reactor operating
conditions mainly the residence time and pressure. We simultaneously make the Hypol
model for the two gradesWe have the plant data in the form mdlymer flow rate,
molecular weight, canonomer content and PDI. We use the plant data for both the grades
simultaneously and estimate different parameters using the ARspgmersData Fit tool
based on our estimation methodology

A.1.5. Single Site (Multiple Grades)

1 We use the mduction rate in the firsthree reactors to estimate the catalyst
activation and dactivation reactions and propagation reaction for propylene (set
the maximum siteconcentration to a general observed védl@e001moles of sites
per g of cataly3tto match the same.

1 We use the MWN in first three reactdosregress the chain transfer to hydrogen
and chain transfer toomomer for propylene.

1 Lastly, we use the MWN, production rate and SFRAC in the last reaotor
estimate the propagation and chain transfer reaction for ethylene

The rate constants estimated for sirgite kinetics aréReference temperature = 69C

Site Act
Type No. Comp1l Comp2 PreExp Energy
1/sec cal/mol
ACTSPON 1 CAT 0.000182 1000
ACTH2 1 CAT H2 1.00E05 1000
CHAINNI 1 C3H6 97 9000
CHAINNI 1 C2H4 600 9000
PROPAGATIO 1 C3SEG C3H6 97 9000
PROPAGATIO 1 C3SEG C2H4 600 9000
PROPAGATIO 1 C2SEG C3H6 97 9000
PROPAGATIO 1 C2SEG C2H4 600 9000
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CHATMON 1 C3SEG C3H6 0.04 9100
CHATMON 1 C3SEG C2H4 0.0014 9100
CHATMON 1 C2SEG C3H6 0.04 9100
CHATMON 1 C2SEG C2H4 0.0014 9100
CHATHZ2 1 C3SEG H2 0.22 9100
CHATH2 1 C2SEG H2 0.01 9100
DEACKSPON 1 3.76E05 1000

A.1.6. Multiple Sites (Multiple Grades)

T

Type

After tuning for single polymer grade and single catalyst active site, we use the
deconvolution GPC data to estimate the number of active catalyst sites and the
active surface area for each activéabsst. We use the GPC data to estimate the
multisite kinetic parameters &slows.

The estimate for prexponential factor of the catalyst activation reaction (ACT
SPON and ACTH2) at each active site | Fa: = %a f Hsite «

The estimate of prexponential factor for the chain initiation reaction (CHAIN

: .k =k *F Frac Areasi 1100 Netie «
INI) at each active site is *

The estimate of prexponential factor for the chain propagation reaction
— * : * .
(PROPAGATION) at each active site s = %3 ™ £rac.Areais 100 Nate

The estimate of prexponential factor for the chain transfer reaction (CFMDON
and CHATH?2) at each active site i Xa = & * Frac. dreal; [100% Nate .

The preexponential factor for catalyst deactivation reaction at each active site is
the same as that for the single active site.

Now by using the above rate constants in the madelvalidate that the fraction

of polymer molecular weight in each site matctiesGPC data.

In order to match the polymer plant PDI from the outlet of each reactor, we regress
the reaction rate constafbr each of the chain transfer reactions involving
monomer and hydrogen using the PDI data. We also use the MWN data along with
the PDI for regressing threaction rate constangs that we match both the PDI and
MWN as well.

The multiplesite rate constantdtained are:

Site Act
No. Comp 1l Comp 2 PreExp Energy
1/sec cal/mol



ACTSPON
ACTSPON
ACTSPON
ACTSPON
ACTH2

ACTH2

ACTH2

ACTH2

CHAINNI
CHAINNI
CHAINNI
CHAINNI
CHAINNI
CHAINNI
CHAINNI
CHAINNI 4
PROPAGATIO 1
PROPAGATIC 1
PROPAGATIO 1
PROPAGATIC 1
PROPAGATIO 2
PROPAGATIC 2
PROPAGATIO 2
PROPAGATIC 2
PROPAGATIC 3
PROPAGATIC 3
PROPAGATIC 3
PROPAGATIC 3
PROPAGATIC 4
PROPAGATIC 4
PROPAGATIC 4
PROPAGATIC 4
CHATMON 1
CHATMON
CHATMON
CHATMON
CHATMON
CHATMON
CHATMON
CHATMON
CHATMON
CHATMON
CHATMON

A WWNNRPEPEPRAAWONEPARWNEPE
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CAT
CAT
CAT
CAT
CAT
CAT
CAT
CAT
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3SEG
C3SEG
C2SEG
C2SEG
C3SEG
C3SEG
C2SEG
C2SEG
C3SEG
C3SEG
C2SEG
C2SEG
C3SEG
C3SEG
C2SEG
C2SEG
C3SEG
C3SEG
C2SEG
C2SEG
C3SEG
C3SEG
C2SEG
C2SEG
C3SEG
C3SEG
C2SEG

H2
H2
H2
H2

C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6
C2H4
C3H6

16C

4.54E05
4.54E05
4.54E05
4.54E05
2.50E06
2.50E06
2.50E06
2.50E06
96.6
598
33.368
206.4
198.268
1226.4
59.752
369.6
96.612
597.6
96.612
597.6
33.368
206.4
33.368
206.4
198.268
1226.4
198.268
1226.4
59.752
369.6
59.752
369.6
0.15343
0.013083
0.15343
0.013083
0.002748
4.72E05
0.002748
4.72E05
0.047955
1.11E05
0.047955

1000
1000
1000
1000
1000
1000
1000
1000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9000
9100
9100
9100
9100
9100
9100
9100
9100
9100
9100
9100



CHATMON 3 C2SEG C2H4 1.11E05 9100
CHATMON 4 C3SEG C3H6 0.003439 9100
CHATMON 4 C3SEG C2H4 0.000665 9100
CHATMON 4 C2SEG C3H6 0.003439 9100
CHATMON 4 C2SEG C2H4 0.000665 9100
CHATH2 1 C3SEG H2 0.031767 9100
CHATHZ2 1 C2SEG H2 0.001444 9100
CHATH2 2 C3SEG H2 0.09753 9100
CHATHZ2 2 C2SEG H2 0.004433 9100
CHATH2 3 C3SEG H2 2.70E06 9100
CHATHZ2 3 C2SEG H2 1.23E07 9100
CHATH2 4 C3SEG H2 0.002903 9100
CHATH2 4 C2SEG H2 0.000132 9100
DEACSPON 1 3.76E05 1000
DEACBPON 2 3.76E05 1000
DEACSPON 3 3.76E05 1000
DEACHBPON 4 3.76E05 1000

A.1.7.Sensitivity Analysis .

Figure A3 illustratethat varying the reaction rate constant for chain transfer to mononter

results in similar trends of change in PDI, SMWN and MWN, as with the chain transfer to
hydrogen.

MWN
PDI

&
& a
aaaaaaaaaaaa

ktm [1/5)

Figure A3. Sensitivity of th€DIl, MWN and SMWN for thedYPOL PP procesen the
pre-exponential factor of the reaction rate constant for chain transfer to monomer.
A.1.8. Model Validation
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Figure A4.Comparison of model molecular weight with actual molecular weight
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Figure A5.Comparison of model PDI with actual PDI
A.2. Mitsui Slurry HDPE process

A.2.1. Process Description

The Mitsui process for manufacturing HDPE is a shpinase process. Ethylene is the
monomer for the process and propylene or butylsmemonomer. Hexane is used as
diluent to dissolve the monome&o-monomer and hydrogen. The process usually consists
of two autoclave reactors in series or in parallel configuratibigure A6 shows the
flowsheet for the process made in Asjpalymers.

C2210UT,
225V

&
i

FigureA6. Flowsheet for the slurry HDPE process with reasi@eries.

A.2.2. Kinetics
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The main reactions considered for the HDPE slurry procesgthra caononomeiof C3H6
or C4H8 for single site:

Catalyst Activation

Cps[Pz] + At -> Po

Chain Initiation

Po -> P1[R-C2h4]

Po > P1[R-C3h6]

Po -> P1[R-C4h8]

Propag#on

Pn[C2H4] + C2H4 -> Pn+1[C2H4]
Pn[C2H4] + C3H6 -> Pn+1[C3H6]
Pn[C3H6] + C2H4 -> Pn+1[C2H4]
Pn[C3H6] + C3H6 -> Pn+1[C3H6]
Pn[C2H4] + C4H8 -> Pn+1[C4H8]
Pn[C4H8] + C4H8 -> Pn+1[C4H8]
Pn[C4H8] + C2H4 -> Pn+1[C2H4]
Chain Transfer to Hydrogen

Pn[C2h4] + H2 -> Dn + Po
Pn[C3h6] + H2 -> Dn + Po
Pn[C4h8] + H2 -> Dn + Po

Deactivation Spontaneous

Po/Pn -> Cdst Dn

Inhibition reactions

Po + H2 -> Cis

Cis -> Po + H2

* where Cps is an activated catalyst siRg is the empty siteP1[Ciseq] is the site with
polymer segment from propylene or ethyle@ds is a dead catalyst site, dwl isadead
polymer.

A.2.3. Production Targets

The production targets used for kinetic estimation are:
Productiorrate
Numberaveragemolecularweight(MWN/MI)
Conversion of mnomercomonomer

PDI

H2/C ratio

SMWN & SPFRAC (Site based)

Residence time

CISFRAC

A.2.4. Estimated Rate Constants
The GPC deconvolutiogives5 minimum active catalyst siteBhe reference temperature
for rate constantis very high(1& C)
The final sebf multisite estimated rate constants for 5 active catalyst sites are
Site Comp Comp Act-
Type No. 1 2 PreExp Energy  Order

=4 =4 =8 -8 _9_9_98_2°
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ACT-COCAT
ACT-COCAT
ACT-COCAT
ACT-COCAT
ACT-COCAT
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
CHAIN-INI
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
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PZ

PZ

PZ

PZ

PZ

C2H4
C3H6
C4H8
C2H4
C3H6
C4H8
C2H4
C3H6
C4H8
C2H4
C3H6
C4H8
C2H4
C3H6
C4H8
C2H4
C2H4
C3H6
C3H6
C2H4
C4H8
C4H8
C2H4
C2H4
C3H6
C3H6
C2H4
C4H8
C4H8
C2H4
C2H4
C3H6
C3H6
C2H4
C4H8
C4H8
C2H4

AT
AT
AT
AT
AT

C2H4
C3H6
C2H4
C3H6
C4H8
C2H4
C4H8
C2H4
C3H6
C2H4
C3H6
C4H8
C2H4
C4H8
C2H4
C3H6
C2H4
C3H6
C4H8
C2H4
C4H8
C2H4
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1/sec
900000
900000
900000
900000
900000
82000000
3300000
1100000
82000000
3300000
1100000
82000000
3300000
1100000
82000000
3300000
1100000
82000000
3300000
1100000
21703760
873444
1164592
185276
291148
397020
174688.8
1.21E+08
4873770
6498360
1033830
1624590
2215350
974754
1.11E+08
4451535
5935380
944265
1483845
2023425
890307
1.05E+08

J/kmol

33494000
33494000
33494000
33494000
33494000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
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PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
PROPAGATION
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
CHAT-H2
DEACT-SPON
DEACT-SPON
DEACT-SPON
DEACT-SPON
DEACT-SPON
FSINH-H2
FSINH-H2
FSINH-H2
FSINH-H2
FSINH-H2
RSINH-H2
RSINH-H2
RSINH-H2
RSINH-H2
RSINH-H2
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C2H4
C3H6
C3H6
C2H4
C4H8
C4H8
C2H4
C2H4
C3H6
C3H6
C2H4
C4H8
C4H8
C2H4
C3H6
C4H8
C2H4
C3H6
C4H8
C2H4
C3H6
C4H8
C2H4
C3H6
C4H8
C2H4
C3H6
C4H8

H2
H2
H2
H2
H2
H2
H2
H2
H2
H2

C3H6
C2H4
C3H6
C4H8
C2H4
C4H8
C2H4
C3H6
C2H4
C3H6
C4H8
C2H4
C4H8
H2
H2
H2
H2
H2
H2
H2
H2
H2
H2
H2
H2
H2
H2
H2
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4238025
5650700
898975
1412675
1926375
847605
51266400
2063160
2750880
437640
687720
937800
412632
2.38E+27
2.38E+27
2.85E+27
4.29E+27
4.29E+27
1.24E+27
1.94E+27
1.94E+27
2.85E+27
9.08E+26
9.08E+26
3.85E+27
3.87E+25
3.87E+25
2.87E+25
0.002
0.002
0.002
0.002
0.002
5141.333
2855.22
6.29E+03
1.34E+04
8.16E+04
6.00E01
6.00E01
6.00E01
6.00E01
6.00E01

29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
29308000
1.76E+08
1.76E+08
1.76E+08
1.76E+08
1.76E+08
1.76E+08
1.76E+08
1.76E+08
1.76E+08
1.76E+08
1.76E+08
1.76E+08
1.76E+08
1.76E+08
1.76E+08
4186800
4186800
4186800
4186800
4186800
8373600
8373600
8373600
8373600
8373600
8373600
8373600
8373600
8373600
8373600
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CHAT-AGENT
CHAT-AGENT
CHAT-AGENT
CHAT-AGENT
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A.2.5. Results

C2H4
C2H4
C3H6
C3H6

C2H4
C3H6
C2H4
C3H6

1.10E+25 1.76E+08 1
1.10E+25 1.76E+08 1
1.10E+25 1.76E+08 1
1.10E+25 1.76E+08 1

The GPC curve for thpolymer resuliin a bimodal curve in the outlet of the first reactor
itself and the model results also confirm the sabszause of different sHiahibition

reactions.

FigureA7. MWD of the product in the outlet of the first reactor
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Figure A8. The effect of the sensitivity of the activation reactions on production rate for

Mitsui HDPE process

A.2.6. Sensitivity Analysis

We study theeffect of the catalyst inhibition reaction for the Mitsui sIUHRPE process
Figure A9 shows thatvarying the rate constants for the catalyst inhibition by hydrogen
reaction (kinh) for a particular sjtthe MWD of the polyolefin produced from a single
reactor can change from unimodal to bimodal. This happens since the difference in the rate
of inhibition for different catalyst sites.
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FigureA9. The effect on the MWD by varying the catalyst inhibition reaction rate for the
Mitsui HDPE process

A.3. Innovene and Horizone PP process

Japan Polypropylene Corporation developed the Horizone procesdB&O® Ideveloped

the Innovene process for manufacturing PP. This is-plga® process and consists of two
horizontal stirred bedeactorHSBR)which are stirred powder beds in series. The catalyst
and cecatalyst are injected at separate points in thlrsection of the first reactor. The
reactor is cooled by spraying liquid PP over the powder in the bed. The residence times
will be different in the two reactors which helpspeeding ugrade transitiondVe model
eachHSBR as four CSTR in serigg]. The plug flow like characteristics enhance the
polymer propertie$5]. Figure ALO shows the flowsheeif the process made in Aspen

Polymers.
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FigureA10. Flow-sheet of Innovene process

A.3.1. Kinetics
The main reactions for the Innovene/Horig®&Pprocess are shown below:
Reactants Products

Catalyst Activation
Cps[Cat] -> Po (Spontaneous)
Cps[Cat] + H2 -> Po (Activation due to H2)

Chain Initiation
Po> P1[C3Seq]
Po -> P1[C2Seq]
Propagation
Pn[C3SEG] + Propene -> Pn+1[C3Seq]
Pn[C3SEG] +Ethylene -> Pn+1[C2Seq]



Pn[C2SEG] + Propene ->
Pn[C2SEG] + Ethylene ->
Pn[C3Seq] + Propene ->
Chain Transfer to Hydrogen
Dn + Po
Dn + Po

Pn[C3Seqg] + H2->
Pn[C2Seqg] + H2->

Pn+1[C3Seq]
Pn+1[C2Seq]
Pn+1[C3Seg] (Atactic Propagation)

Chain Transfeto Monomer

Pn[C3Seq] + Propene -> Dn + P1[C3Seq]
Pn[C3Seq] + Ethylene -> Dn + P1[C2Seq]
Pn[C2Seq] + Propene -> Dn + P1[C3Seq]
Pn[C2Seq] + Ethylene -> Dn + P1[C2Seq]

Catalyst Deactivation Spontaneous

Po/Pn  -> Csd[+ Dn

Catalyst Deactivation aduto Poison

Po/Pn + Dib -> Cds+ Dn

Po/Pn + Dip -> Cds+ Dn

Po/Pn + O2 -> Cds+ Dn
A.3.2. Production Targets
The production targets used for kinetic estimation are:
Productiorrate
Numberaveraganolecularwt. (MWN/MI)
Conversion of monomezomonomer
PDI
H2/C ratio
SMWN & SPFRAC (Sitebasedl
Residence time
ATFRAC

= =4 =4 -8 _-8_9_9_-°

A.3.3. Estimated Rate Constants

The GPC deconvolution predset minimum active catalyst sites.
The reference temperature is (66 C):

The final set of estimated rate comdtafor 4 active catgst sites:

Site Act-
Type No. Comp 1l Comp 2 PreExp Energy Order
1/sec cal/mol
0.00017
ACT-SPON 1 CAT 5 2000 1
0.00017
ACT-SPON 2 CAT 5 2000 1
0.00017
ACT-SPON 3 CAT 5 2000 1
0.00017
ACT-SPON 4 CAT 5 2000 1
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ACT-H2

ACT-H2

ACT-H2

ACT-H2

CHAIN-INI

CHAIN-INI

CHAIN-INI

CHAIN-INI

CHAIN-INI

CHAIN-INI

CHAIN-INI

CHAIN-INI
PROPAGATIO
EROPAGAﬂO
EROPAGAﬂO
EROPAGAﬂO
EROPAGAﬂO
EROPAGAﬂO
EROPAGAﬂO
EROPAGAﬂO
EROPAGAﬂO
EROPAGAﬂO
EROPAGAﬂO
N

CAT

CAT

CAT

CAT
PROPENE
ETHYLENE
PROPENE
ETHYLENE
PROPENE
ETHYLENE
PROPENE
ETHYLENE
PROPENE
PROPENE
ETHYLEN
E
ETHYLEN
E
PROPENE
PROPENE
ETHYLEN
E
ETHYLEN
E
PROPENE

PROPENE
ETHYLEN

H2

H2

H2

H2

PROPENE
ETHYLEN
E

PROPENE
ETHYLEN
E

PROPENE
ETHYLEN
E

PROPENE
ETHYLEN
E

PROPENE
ETHYLEN
E

PROPENE

0.00203
9
0.00203
9
0.00203
9
0.00203
9
8.62403
3
63.0317
2
45.6045
6
333.316
7
76.4643
8
558.866
3
52.9980
6
387.354
6
8.62403
3
63.0317
2
8.62403
3
63.0317
2
45.6045
6
333.316
7
45.6045
6
333.316
7
76.4643
8
558.866
3
76.4643
8

4557

4557

4557

4557

9000

9000

9000

9000

9000

9000

9000

9000

9000

9000

9000

9000

9000

9000

9000

9000

9000

9000

9000

0.5

0.5

0.5

0.5



PROPAGATIO
EROPAGAﬂO
EROPAGAﬂO
EROPAGAﬂO
EROPAGAﬂO
N
CHAT-MON
CHAT-MON
CHAT-MON
CHAT-MON
CHAT-MON
CHAT-MON
CHAT-MON

CHAT-MON
CHAT-MON

CHAT-MON

CHAT-MON

CHAT-MON

CHAT-MON

CHAT-MON

CHAT-MON

CHAT-MON

CHAT-H2

CHAT-H2

CHAT-H2

ETHYLEN
E

PROPENE

PROPENE
ETHYLEN
E
ETHYLEN
E

PROPENE

PROPENE
ETHYLEN
E
ETHYLEN
E

PROPENE

PROPENE
ETHYLEN
E
ETHYLEN
E
PROPENE

PROPENE
ETHYLEN
E
ETHYLEN
E

PROPENE

PROPENE
ETHYLEN
E
ETHYLEN
E

PROPENE
ETHYLEN
E

PROPENE

ETHYLEN
E

PROPENE
ETHYLEN
E

PROPENE
ETHYLEN
E
PROPENE
ETHYLEN
E

PROPENE
ETHYLEN
E

PROPENE
ETHYLEN
E

PROPENE
ETHYLEN
E
PROPENE
ETHYLEN
E

PROPENE
ETHYLEN
E
PROPENE
ETHYLEN
E
PROPENE
ETHYLEN
E

H2

H2

H2

17C

558.866
3
52.9980
6
387.354
6
52.9980
6
387.354
6
0.00159

0.00159

0

0
0.00169
4
0.00169
4

0

0
0.0009

0.0009

0

0
0.00019
8
0.00019
8

0

0
2.66810
6
2.66810
6
2.83102
9

9000

9000

9000

9000

9000
24500

24500

24000

24000

24500

24500

24000

24000
24500

24500

24000

24000

24500

24500

24000

24000

24500

24500

24500

0.5

0.5

0.5
















































