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Many researchers in chemical engineering have been using analytical and
computational models to predict the behaviors of systems and use these models
to process optimization, design and control. However, until now, researchers
are still forced to compromise on model fidelity and accuracy. Although high
fidelity models can improve the model accuracy, simulating these models is

usually time-consuming, making it difficult to perform optimization. In this



thesis, computationally efficient strategies about two system are introduced

which can maintain model fidelity but effectively reduce the calculation time.

Polymer reactor is selected for the first system and we focused on polymer
kinetics. A hybrid approach that combines the method of moments and Monte
Carlo simulation to predict the molecular weight distribution of low-density
polyethylene for a continuous stirred tank reactor system is proposed. A 'Block,'
which is repeating reaction group, is introduced for the calculation cost-
effective simulation. This model called the 'block Kinetic Monte Carlo' is ~10
to 32 times faster than Neuhaus’s model. The model can be applied to any
steady state system and provide a calculation cost reduction effect, where one
reaction is much faster than others; for example, the propagation reaction.
Furthermore, we perform a case study on the effects of the system temperature
and initiator concentration on the MWD and reaction rate ratio. Based on the
simulation results of 180 case studies, we determine a quantitative guideline for
the appearance of shoulder, which is a function of the rate ratio of reactions to

the propagation reaction.

Computational fluid dynamics (CFD) based reactor system is selected for
the second system. CFD is an essential tool for solving engineering problem
that involves fluid dynamics. Especially in chemical engineering, fluid motion
usually has extensive effects on system states such as temperature and
component concentration. However, due to the critical issue of long
computational times for simulating CFD, application of CFD is limited for
many real-time problems such as real-time optimization and process control. In

this study, we develop the surrogate model of Continuous stirred tank reactor

i



(CSTR) with Van de Vusse reaction using Physics-informed neural network
(PINN) which can train the governing equations of system. We propose PINN
architecture that can train every governing equation which chemical reactor
system follows and can train multi-reference frame system. Also, we investigate
that PINN can resolve the problem of neural network that needs lots of training
data, are easily overfitted and cannot contain physical meaning. Furthermore,
we modify the original PINN suggested by Raissi in order to solve the memory
error and divergence problem with two methods: (1) Mini-batch training; (2)
Weighted loss function. We also suggest a similarity based sampling strategy
where the accuracy can be improved up to 5 times over the random sampling.
This work can provide the guideline for developing the high performance

surrogate model of chemical process.
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Chapter 1

Introduction

1.1 Research motivation

With the development of computer and sensor technology, the demand for
sophisticated control and optimization for high value-added industries is
increasing. To achieve this, modeling the industrial level process with high
fidelity is essential. However, until now, each unit was mainly modeling as 1 or
2-dimensional model to simulate the entire process. This is because the
difference at the small scale can be neglected when simulating industrial level
process, but it cannot be ignored in some cases. In particular, the chemical
reactor which is one of the most important units in a chemical process the
hydrodynamics of internal flow has a large effect on the system behavior in
many cases. In a continuous stirred reactor (CSTR) with a stirrer inside, the
performance of the reactor varies depending on how well the internal fluid is
mixed. In the case of an autoclave reactor, several baffles are installed to divide
the reactor into multi-zone and control the flow in order to easily adjust the
properties of the product. Since many types of reactors simply cannot reflect
their characteristics with 1 or 2 dimensional models, a flow model on a
microscopic scale must be considered. However, as the modeling scale gets
smaller, the simulation time increases, making it difficult to model industrial
level processes and impossible to perform the optimization, control and design.

For example, computational fluid dynamics (CFD), which is the only technique



that can simulate the hydrodynamics, is difficult for industrial applications

because the simulation time takes at least hours to months.

In order to solve this problem, various methodologies have been introduced
to reduce the calculation time. One of the most representative method for
simulating a chemical reactor is the multi-compartment model. It can
significantly reduce the calculation time compared to solve the hydrodynamics
(e.g. mass balance, momentum conservation, turbulence model) and kinetic
model (e.g. heat conservation, species transport equation) together in mm or
um scale of mesh. This is a method of simplifying the flow by combining
several meshes into one compartment and solving kinetic model separately. It
allows the simulation of the reactor with a reasonable level of calculation time
while considering the fluid flow information. However, the multi-compartment
model is not suitable to perform optimization because it still takes an hour-level
calculation time, but it requires a new simulation every time the operation
condition changes. Another method is to develop a surrogate model that can be
reproduced in a short time by learning the simulated results using a machine
learning technique. Surrogate model can learn the features of the model by
extracting the pattern from the simulation result, and has the advantage of being
able to predict the untrained area. However, since most machine learning
models are data-driven models that ignore the underlying laws of physics
governing the system, it cannot be sure that the result at the untrained area is

still physically meaningful.

This calculation time problem occurs frequently not only in hydrodynamics

simulation, but also when simulating a kinetic model. For example, when the



geometry of a molecule affects the reaction, such as polymer reaction, detail
information about the molecule must be considered when simulating kinetics.
In order to consider the geometry of the molecule, the order of arrangement of
the atoms constituting the molecule must be simulated together, so the
simulation scale become smaller in atomic unit and the simulation time is

exponentially increased.

Modeling is performed at multiple scales, and it is often necessary to
simulate at a microscopic level. However, it takes at least hours to days to
perform the simulation with high fidelity. In this thesis, we introduce strategies
to reduce the calculation time while maintaining the fidelity in modeling

chemical reactor system.

1.2 Research objective

Among several computationally intensive modeling system, this thesis will
cover a polymer kinetic model and a CFD based reactor model. For the polymer
kinetic model, the target polymer is Low density polyethylene (LDPE), and its
properties depend largely on the branches connected to the chain. For this
reason, in order to accurately predict the characteristics of LDPE (e.g. Weight
average molecular weight, Number average molecular weight, Molecular
weight distribution, Polydispersity index , Melt index and etc), the geometry
information of the polymer chain must be simulated together. A hybrid
approach that combined stochastic approach and deterministic approach was
used and a Kinetic Monte Carlo (KMC) was used as a stochastic approach, and
a method of moment (MoM) technique was used as a deterministic approach.

In order to reduce the calculation time, a new technique called Block KMC will



introduced by grouping the reaction series into 7 independent repeating Block.
In chapter 2, we will show detailed description of methodology, verification
and case study result for predicting molecular weight distribution of LDPE in
CSTR. In addition, an analysis of how the newly proposed model can shorten

the calculation time compared to the existing method will introduced.

In chapter 3, more robust and precise surrogate model development strategy
for CFD-based reactor model is introduced. CFD simulation is always a time
consuming step in modeling process that hinders industrial application, so the
surrogate model of CFD simulation is necessary when performing process
optimization or finding optimal design. As the deep learning technique
develops, the performance of learning by extracting patterns from data has
improved, and the trained model can implement the original data in a very short
time. However, the chemical process is governed by fundamental laws of
physics such as mass balance, momentum conservation and heat balance. Most
deep learning models ignore the physical laws and learn only patterns of data,
so the prediction results in the untrained domain cannot be trusted. Ultimately,
in order to perform process optimization, any condition must be simulated in
real time. When the surrogate model is used, the prediction result in the domain
that has not been learned is inevitably used, and in this domain it is still unsure
whether the surrogate model satisfies the physical laws. In order to solve this
problem, a physics informed neural network (PINN) that can learn not only the
patterns of data but also the fundamental laws of physics was introduced. In the
chapter 3, we will introduce the detailed procedure for developing a surrogate
model for CSTR with Van de Vusse reaction using PINN. In addition, there will

be an analysis of the performance difference between the PINN model and



purely data driven model, and how fast the calculation time is compared to the

CFD simulation.

1.3 Outline of the thesis

This thesis consists of four chapters. Chapter 1 explains research motivation,
objective and thesis outline with associated publications to clarify the relative
papers and co-authors. In Chapter 2 and Chapter 3, we introduce methodologies
to reduce the calculation time for two different modeling systems, one is
polymer kinetic modeling and the other is CFD based chemical reactor system.
Chapter 4 deals with the contribution of each project, which summarizes the
results and their potential to be applied to other projects and systems. Future
work is also suggested to intrigue other researchers and provide a guideline for

their further research on the topic treated in this thesis.



Chapter 2

Molecular weight distribution modeling
of LDPE in a continuous stirred-tank
reactor using coupled deterministic and
stochastic approach

2.1 Introduction

Low-density polyethylene (LDPE) is produced under a high-pressure by
free-radical polymerization. Unlike high-density polyethylene (HDPE), which
has scarce branching, LDPE has high-density long-chain branches owing to the
scission and chain transfer reactions. Because of its features, LDPE has a low
tensile strength and high ductility, which improves flexibility and transparency.
Therefore, LDPE can form various shapes and produce most films and plastic

bags.

There are several factors that represent the physical properties of polymers,
such as Mn (number average molecular weight), Mw (weight average
molecular weight), MI (melt index), molecular weight distribution (MWD), and
polydispersity index (PDI). Other properties only represent the average value;
whereas, MWD shows the weight ratio of each polymer component. The shape
of the MWD allows us to predict the polymer processability and product quality.
For example, a narrow MWD enhances the polymer quality and a wide MWD
allows for easier processing. The shoulders and tails of the MWD contain

information about the density of chain branching. Short chain branching



reduces the density of polymer[1] and long-chain branching increases the
sensitivity of melt viscosity. [2] To produce a polymer with the desired physical
properties and improve the process productivity, an MWD prediction model is

essential.

Many studies have been conducted to predict the MWD. MoM is the most
popular method for predicting the average molecular weight.[3]-[6] This
method has been widely used by many research groups to develop kinetic
models for conventional free radical polymerization, coordination
polymerization and others for linear and branched polymers.[7]-[11] One of
the main advantages of the MoM is that it simplifies the theoretically infinite
number of mass balance equations of chain species into a much smaller set of
equations. In this method, information about individual chains is ignored for
simplification, so only the average properties of the polymer can be calculated.
By dividing an entire range of molecular weights into a limited number of
intervals, the method of moments is capable of predicting molecular-weight
distributions.[12] However, a large number of moments are required to obtain
a detailed information on MWD. Well and Ray segregated the polymer
distribution into a large number of ‘segments,’ so that the model can predict the
detailed shape of MWD and reveal the kinetic effects for the existence of MWD
shoulder.[12] Because the model requires a minimum of 75 segments, at least
400 variables should be considered, which makes it difficult to find a solution.
Another approach suggested by Pladis and Kiparissides is based on the ‘classes,’
in which the total polymer population is discretized according to the number of
branches.[13] They assumed that the distribution of classes followed a log-

normal distribution, which is not justified. In addition, MoM cannot explicitly



implement scission. In an environment where the production conditions exceed
300 °C, the chain scission becomes dominant owing to the high-temperature
sensitivity. [14] Because the molecules split differently depending on their
topology, moments including scission points must be introduced to simulate the
scission. In this case, the number of moments increase exponentially, making
the problem difficult to solve. Therefore, in most studies on MoM, a random
scission mechanism that does not require the chain topology information has
been adopted. In addition, the MoM model requires a closure relationship
assumption[15] to solve the scission. The model error accumulates due to the

ambiguous implementation of the chain scission.

In contrast to MoM, the Monte Carlo (MC) technique can accurately
implement scission based on the topological information. Numerous studies
have been conducted to investigate the effect of chain scission on the physical
properties of polymers using the MC technique. [16]-[24] Gillespie proposed
the Kinetic Monte Carlo (KMC) algorithm, which has been applied to many
other studies. [25] However, this method cannot be directly applied to
continuous reactors, in which chains with different residence times exist. Tobita
first proposed an individually branched polymer chain methodology. He
introduced the concept of a primary chain to which all branch points are
connected and assumed that the primary chain is severed. [26] It can simulate
chains with different residence times and predict the MWD in various types of
reactors, such as continuous stirred tank reactors (CSTRs), tubular reactors, and
tanks-in-series reactors. [27], [28] However, this approach requires the prior

knowledge of the branch density and segment length following the Flory



distribution. [29] Moreover, the MC simulation has an issue of exorbitant

computational time, which is not suitable for industrial applications.

Studies have been conducted to reduce the computation time by combining
deterministic methods with stochastic techniques. [18], [30]-[32] Meimaroglou
proposed a kinetic/topology MC algorithm for a multizonal tubular reactor. [18]
The topological information of the macromolecule was obtained by the MC
algorithm with the kinetic model of the tubular reactor. This method does not
require any assumptions about the distributions of live and dead polymers, but
the model cannot be extended to CSTR because all macromolecules have the
same residence time. [33] Neuhaus developed a hybrid model that coupled
deterministic and stochastic approaches that could be applied to the tubular and
autoclave reactors. [32] The single macromolecule approach (SMMA)
introduced in the model allows the parallel computation of large molecule
ensembles and reduces the computation time efficiently. In Eckes’s study[32],
polymer chains that are combined with the macromolecules via termination by
combination are sampled from the previously stored chain data. Although this
approach is valid for tubular reactors, it encounters a recursion in the CSTR
reactor. This is because the chain to be combined may have a longer residence
time than the macromolecules. In addition, to achieve sufficient accuracy, 10
million molecules must be simulated. This requires approximately 1 h even
with parallelized computation, which is not practical for industrial applications.

[30]

Both the approaches have technical issues, such as MoM cannot implement

the topological scission, and MC is computationally intensive. Therefore, this



study proposes a hybrid model approach consisting of the MoM and KMC for
a CSTR. The proposed model can implement the scission, resolve the recursion,
and significantly reduce the calculation time. The model is validated with the
model proposed by Neuhaus[30] by comparing its performance and calculation
time. In addition, we extensively explored the MWD under various operating
conditions and analyzed the effect of each element reaction. Given this, we can
determine the effect of each reaction mechanism on the existence of the

shoulder in MWD.

2.2 Methodology

To simulate polymerization in a steady-state reactor, such as CSTR, we
developed a model that combined MoM and KMC. First, the bulk polymer
concentration was calculated using a mass balance and moment equation. Then,
the detailed molecular weight distribution was derived using KMC. The newly
proposed model is based on the ‘Single Macromolecule Approach’ (SMMA)
and we named the single macromolecule as ‘target chain’. The concept of the

target chain model is illustrated in Figure 2.1.

2.2.1 Polymer reaction mechanism
LDPE is produced by free-radical polymerization, and the elementary
reactions are presented in Table 2.1. L, represents a live polymer chain of
length n, whose radical is located at the end of the chain. L, ¢, represents a
secondary radical polymer chain of length n, whose radical is located in the

middle of the chain. Finally, D,, represents a dead polymer chain of length n.

10



To avoid any confusion, we use different reaction names for the same class of
reactions depending on the type of molecule that we track. In the case of the
chain transfer to polymer, when the target chain is a live polymer, we name it
R, while the reaction is named R.,, when the target chain is a dead
polymer. Sometimes, the chain transfer to solvent or chain transfer agent (CTA)
and backbiting reactions are also involved in free radical polymerization. [34]
However, the effect of the backbiting reaction on the molecular weight
distribution is negligible [35], and the chain transfer to solvent or CTA has an
effect similar to that of the chain transfer to the monomer. Therefore, these two
reactions are not considered in this study. The most important reaction for
LDPE to have high-density branches is the chain transfer to polymer. As shown
in Figure 2.2, a dead polymer becomes a secondary radical chain by obtaining
a radical from a live polymer chain. Then, the propagation and beta scission
occur sequentially in the secondary radical chain. When propagation occurs,
the chain lengthens and forms long-chain branches. When beta scission occurs,
the chain is split into two smaller molecules. Because of these two reactions,
the MWD broadens. The beta scission includes two types of pathways: random
scission and chain-end scission. Among these, the random scission is selected
because it is more dominant in the simulated reaction. The kinetic parameters

of each reaction are listed in Table 2.2.
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Table 2.1 Elementary reactions of free radical polymerization.

R; Initiation I fxkg 5L
B 0

R Propagation kp

pl bag Lm(Lm,sec)+M - Lm+1
Ry,

R; Termination L, +L, ﬁ) D,

i k

Repa Chain transfer to polymer L, +D, cp Dy + Ly soc
ch,Z

R Chain transfer to monomer kem

cm Ln,+M —— D, +L,
R Beta scission kpeta

beta,1 Lm,sec _oetal Ln+Dm—n
Rbeta,z
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Figure 2.2 Schematic of chain transfer to polymer reaction.



Table 2.2 Kinetic parameters of LDPE.

k=A-exp (—M)
RT

A(L/mol - s) E/R(K) AV (¢cm3/mol)
kg4 1.06 * 101° 17972 2.5077

ky 1.14 = 107 3584 —19.7717

k; 3x10° 1213 13.0443
kep 2.92 % 10° 5580 —20.06
Ko 1.67 * 106 4549 43937
Kpora 1.04 * 1012 10108 ~19.27
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2.2.2 Reactor model

The most common reactor type for LDPE polymerization in industry is the
autoclave reactor, but it is inappropriate for analysis with the proposed model
because of the complex fluid dynamics and operation. Therefore, in this
research, a model is developed in a series of CSTRs, each of which has one
input and one output, and exhibits homogeneous temperatures and pressures.
Because the autoclave reactor shows a similar behavior to the system composed
of a series of CSTRs, the model can be extended to an autoclave reactor in

practice.

The model consists of both deterministic and stochastic parts. In
deterministic part, the bulk polymer properties are calculated using MoM. Then,
the calculated values are passed on to the stochastic part and are used to
calculate the probability of each reaction. Based on these probabilities, the

polymer chain length is determined stochastically using the MC technique.

2.2.3 Deterministic part

The steady-state information of the polymer properties in CSTR can be
calculated using a set of equations involving the momentum equation and mass
balances. The equations for the initiator, monomer, live polymer, dead polymer,

and secondary live polymer are presented below:

[M1in = koo [M] = kpAsecolM] = kemAo[M] =7 [M]  (2-1)

Qu
bary
S
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in — flalll — =111 (2-2)

dt

=6(n— D(2fkqll]l + kemAo[M])

- kp([Ln] - [Ln—l] - [Lsec,n])[M] - kt[Ln]AO - kcp [Ln]ﬂl (2_3)

- kcm [Ln] [M] + kbeta 2 [Asec,m] - ; [Ln]

m=n+1

d[Dy]
dt

n-1

= kt 2 [Lm] [Ln—m] - kcplon[Dn] + kcp [Ln]ﬂl + kcm [Ln] [M] (2_4)

m=1

- v
+ kbeta 2 [Asec,m] - V [Dn]

m=n+1

d [Lsec,n]
dt 0-5)

v
= _kp [Lsec,n] [M] + kcplon[Dn] - kbeta [Lsec,n] - V [Lsec,n]

From these equations, the information on the polymer weight distribution is

summed up with a couple of moments. From the definition of moment, the Oth,

17



Ist, and 2nd moments of the live polymer, dead polymer, and secondary radical

polymer are calculated as in Eqs (2-6)—(2-8).

M= ) ¥l (2-6)
e =) nk[D,] @)
Asec,k = 2 nk [Lsec,n] (2'8)

Each moment can be derived from Egs. (2-1)—(2-8) with pseudo-steady state
assumption, and the derived equations are given by:

dAo

dt
(2-9)

v
= kad [I] + kplsec,o [M] - ktlg - kcploﬂl + kbetalsec,o - VAO

di
dt

= kad [I] + (kcm + kp)AO [M] - ktlllo + kp (Asec,o + Asec,l) (2'10)

Ao+24) v
- kcpllﬂl - kcmll [M] + kbeta T - Vll
18



d,

dt
= 2fkqll] + kemAo[M] + kp[M] (221 + 20)
2-11)
+ kp (Asec,z + leec,l + Asec,o)[M] - kt/lz/lo - kcplzﬂl
(A, +32,+2,) v
- kcmlz [M] + kbeta 2 : - - _AZ
6 %4
du, k v
E = ?tl(z) + kcmAO [M] + kbetalsec,o - Vllo (2_12)
iy
dt
= k; (1011) - kcpﬂzlo + kcpllﬂl + kemdy [M] (2-13)
(A 0 + A ,1) v
n kbeta sec . sec . Vlh
dny
dt
= ke(Aodz + A7) = keplizAg + kepdapy + ke Az [M] (2-14)
(24sec2 + 3sect + Aseco) v
n kbeta sec 6sec sec . Vﬂz
dAseco v
;iC. = _kplsec,o [M] + kcploﬂl - kbetalsec,o - Vlsec,o (2_15)
dAsec 1 v
;iC. = _kplsec,l[M] + kcploﬂz - kbetalsec,l - Vlsec,l (2_16)
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AAsoe 2 )
:i'ic. = —kplseC,Z [M] + kcplo[lg - kbetalsec,z — VASEC,Z (2_17)

Given these equations, the problems cannot be closed because of ps.
Therefore, 3 is obtained using the closure technique suggested by Zabisky.
[36]

U2\ 2 P
- 2pp0 — 11 (2-18)
Uy

H3

2.2.4 Stochastic part

In this section, we introduce a new stochastic algorithm called ‘Block KMC’.
This method is based on the conventional KMC, and dramatically reduces the
calculation time by introducing the concept of ‘Block’. Based on the steady-
state assumption, each algorithm step can be simultaneously simulated in block
units, and the calculation time can be reduced because the propagation reaction
is dominant compared to other reaction components. The detailed algorithm is

described in the following subsections.

2.2.4.1 KMC

The typical algorithm of KMC was proposed by Gillespie, and a flowchart
is shown in Figure 2.3. [25]
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Figure 2.3 Flow chart of KMC algorithm proposed by Gillespie.
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First, the stochastic rates are calculated based on the bulk polymer
concentrations, and propensity functions are generated. Then, one reaction is
selected with a random number between 0 and 1 based on these probabilities,
and the state is updated with this reaction. Subsequently, the time is updated by
marching forward over a single time interval. The simulation is repeated until

the total time reaches the residence time.

It is difficult to directly apply this algorithm to our model because each
polymer chain has a different residence time in the CSTR. Therefore, we
employ the concept of a target chain and combine KMC with MoM. The

detailed algorithm of the target chain model is shown in Figure 2.4.

22



N=0 Lpa=][]

P

Calculate stochastic rate
(M1 T2 T Tep1s Tep2s Toms o1, Th2)

pp=——— P
1T Py + P+ Py + Py
Py + P,
pp=——-
Py + Pe+ Popt + Pomy
P
Py = L

{

Py2 + Py + Pz

Calculate Probability of each reaction
(Pp1, Pp2, Pty Pept, Pep2, Pemy Po1, Po2)

Lijye = chain sampling from
live polymer chain length distribution

STOP

N=N+1
Linat = [Limar, length]

(Mrana)

Select random number between 0~1

Calculate time interval At
t=t+At

length = length + 1 |—

Chain type
= Live polyme

hain type
= dead polyme

length = length + 1

chain type
= live polymer

length = length + Ly,
chain type
= dead polymer

chain type
= dead polymer

chain type

yes

= secondary radical polymer

Select 2 random numbers
between 0~1

(Mrand1) Nrandz)
1]

| length = [length * Tyqna1] |

chain type
= live polymer

| chain type = dead polymer |
I

Figure 2.4 Flow chart of target chain model.

23

&



The residence time distribution in CSTR is known as:

1
E0) = ?exp(—e)

G—T
T

The stochastic rates of each reaction are given as:

r=k CC - T = Kstochastic NaNp,

Kstochastic = k for monomolecular reaction

kstochastic = k/VNAvo

for bimolecular reaction between similar species

kstochastic = Zk/VNAvo

for bimolecular reaction between different species

1, = 2k; Ninitiator

2k
— 14
T'p h /VNAvo NLNM
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T = /v Nypo NeNo (2-27)
Tom = 2Ky Nyl (2:28)
o = 2k YN, Nilp (2-29)
= by Ny, (2-30)

The same type of reaction may have different stochastic rates depending on
the type of chain. For example, the chain transfer to polymer can occur when
the target chain is a live or dead polymer. The number of possible radical sites
is the total length of all the dead polymer chains when the target chain is a live
polymer. Hence, Np becomes p;/Ag. The number of possible radical sites is
the length of the target chain when the target chain is a dead polymer because
the target chain receives a radical from the surrounding live chain. Therefore,

the probability of each reaction is determined, as described in Table 2.3.
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Table 2.3 List of possible reactions depending on the chain type and their probability.

Chain type Possible Reaction Probability
L (Live Polymer) * Ry Py, = - ™1
’ Tp1+Te+Tcp,1+Tem
* R =t
Tp1+Te+Tep,1+Tem
. R _ Tep,1
cp1 P, =——
p cp.l1 Tpa+Te+Tep 1 +Tem
* R p, =—"Tom
cm My 14T+ Tep 1+ em
D (Dead Polymer) * Ry Popo=1
Lsec (Secondary radical Polymer) * Ry, p =—p2
’ p.2 Tp'2+1"b'1+1"b'2
Tb'
¢ Rbeta,l Pb,l = ﬁ
p,2TTh,11TD,2
Tb'
¢ Rbeta,z Pb,z =—22

p,2 +7p,1+7p,2
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The reaction is determined based on the probabilities with random sampling,
and the target chain is updated with this reaction. The only reactions that change
the chain length are propagation and termination by combination. In the case of
propagation, the length is increased by one, and in the case of termination by
combination, the length is increased by the length of the surrounding live
polymer. The molecular weight distribution of live polymers is assumed to
follow the Schultz-Zimm form, which is the simplest form that can represent
the bimodal distribution. [36] Parameters y and h are inversely estimated
from [L] and A;. Therefore, the live polymer chain that is combined with the
target chain is sampled from the Scultz-Zimm distribution of the live polymer

chain.

Wn) = %yhnh'1 exp(—yn) /T(h) (2-39)

Time interval value is calculated by the reaction rate and random sampling. [25]

At = Qi+ In( ! ) (2-40)
Nrand
Qiive polymer = Rp1 + Rt + Rep1 + Rem (2-41)
Qdead polymer = Rep2 (2-42)
Qsecondary radical polymer = Rp2 + Rpeta1 + Rpeta,2 (2-43)
27



2.2.4.2 Block KMC

The chain grown by the KMC algorithm has a certain pattern in the series
of reactions. Because the possible reaction types vary depending on the chain
type, seven types of blocks are repeated. These blocks are found by binding the
reactions, whose chain type is reverted to the live polymer. The types of blocks
and their appearance probabilities are listed in Table 2.4. A randomly selected
sample from the series of reactions is shown in Figure 2.5. These reaction series
can be combined into the blocks listed in Table 2.4. Each block is independent,
and the appearance probability is constant. As, the number of blocks follows a
binomial distribution, it is possible to directly determine the number of blocks

in the whole series. The algorithm is shown in Figure 2.6.
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Table 2.4 Representation of Blocks and their appearance probabilities.

Block Chain type Probability
B1) Ry L-1L Py = Tp1
Tp1 +r+ Tepa + Tem
T;
B2 —1) R — (Rep2 — Roetaz) — Repz — Ry LoD Led">L  p _ t
Tp1 +r+ Tepa + Tem
n
B2 — 2) Rt - (ch,z - Rbeta,z) - RCp,Z - Rbeta,l
n T,
B3 — 1) ch,l - (ch,z - Rbeta,z) - RCp,Z - Rp,Z L- (D - Lsec)n - L Pcp,l = cpl
Tpa +1+ Tepa + Tem
n
B3 — 2) ch,l - (ch,z - Rbeta,z) - RCp,Z - Rbeta,l
B4 — 1) Rem — (Rep2 — Rpetaz) — Repz — R L= (D= Le)" =L Tem
cm cp,2 beta,2 cp,2 p,2 sec P =

n
B4 — 2) Rcm - (ch,z - Rbeta,z) - RCp,Z - Rbeta,l

Tp1 + 1+ Tep1 + 1om
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‘,Rp,l]_‘,Rp,l]_‘,Rp,l]_‘,Rp,l]_‘,R“p,l]_(Rt - ch,z - Rbeta,z - ch,z - Rbeta,z - ch,z - Rp,z]_‘,Rcm - ch,z

— Rypetap — ch,z]_‘lRp.l]_‘,Rral]_ ‘,Rp,l H,Rp,l} _‘,Rp.lHl R“p,l]_‘,Rp,lH Rp,l] IRp.l _(Rp,l]_"Rp.l]_‘chp.l —Repp

- Rbeta,z - ch,z - Rbeta,z - ch,z - Rbeta,z - ch.z - Rbeta,z - ch,z - Rbeta,z - ch,z - Rbeta,l }_

!

B1 -B1 -B1 -B1 —-B1 -B2; — B4, —B1 —B1 —B1 —B1
—B1 -B1 —-B1 —-B1 —-B1 —B1 —B1 —B3; — ...

Figure 2.5 Example of reaction series and the series replaced by Block.
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Calculate Probability(F,, Py, Frp) Pon)

|
[ ]

Set unit step number(Nynitstep)
!

Determine the number of B1, B2, B3,
and B4 with binomial distribution

Repeat until !
t>Residence time Line up each Block
|

Simulate the chain length
depending on the series B1~B4

!
Update time t

Figure 2.6 Flow chart of Block KMC algorithm.
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To determine the number of blocks, we need to know the total number of
blocks. However, it is impossible to know the total number of blocks until the
end of simulation, because the time interval depends on random numbers.
Therefore, we introduce a unit step number to determine the number of blocks.
The simulation is repeated by the unit step number until the time reaches the
total residence time of the target chain. In this system, B1 is dominantly selected
because the propagation is much faster than other reactions. This means that
most of the unit step number is the number of B1 blocks. Because of these

features, we can simulate much faster than the conventional MC algorithm.

To calculate the length of the target chain, the number of blocks and the
order of blocks must be determined. The algorithm used to set the order of

blocks in the target chain model is as follows:
1) Generate Np,+Ng3+Npg,+1 random numbers.

2) Normalize the random numbers so that the sum becomes 1, and multiply

each number by Np;.

3) Determine the position of remaining Blocks that will come to the site

between the B1 groups based on their probabilities.
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total number of Block = Nynitstep total number of Block = Nypitstep

| 1
( \ [ \

(Bl)nu - [ ] - (Bl)nu - [ ] - (Bl)n,.;:, - [ ] - (Bl)nM """ _(Bl)n,“,l - [ ] - (Bl)nt+1,2 - [ ] - (Bl)nl.,.l‘.; """""

| |

Probably determined among
B2,,B2,,B3,B3,,B4,,B4,

Figure 2.7 Representation of Block series derived from Block KMC method.
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Because the number of B1 is much greater than that of the other blocks, the
series of blocks takes the form of the remaining blocks between the B1 groups,
as presented in Figure 2.8. By the first and second stages of the algorithm, we
can determine the number of B1 blocks belonging to the B1 groups, which are
represented as njq,Nj,,Ni3,Ni4,... in Figure 2.7. In the third stage, the

remaining blocks are placed between the B1 groups.

Let us assume that t; is the average computation time per step, which
consists of random sampling and updating the chain length. The conventional
KMC technique requires approximately N -t; computation time to simulate a
total of N reaction series. In the Block KMC model, when the number of
propagation reactions is Np, the first and second stages take (N —Np + 1)+
t;, and the third stage takes approximately (N — Np) - t; computation time.
Hence, the total computation time is approximately (2: (N —Np) +1) - t;. As
expected, because Ny, is close to N, (2 (N —Np) + 1) -ty is much smaller

than the computation time of the conventional model N - t;.

2.3 Result

2.3.1 Verification
To verify the Block KMC model, we compared the conventional KMC
results with those of the proposed model. These are the results of three different
cases by varying the temperature and amount of initiator. The ‘Unit Step

Number’ is fixed at 50.
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Table 2.5 Operation conditions of Casel, Case2, and Case3.

Case 1 Case 2 Case 3
Temperature (K) 480 490 520
Initiator (mol/L) 107 10 107
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Figure 2.8 a) MWD results from conventional KMC and Block KMC models for each case b) MWD results

depending on iteration number.
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From the simulation results, the target model shows over- and under-peaks
in the region of small molecular weights. To determine the reason, we classify
the chain according to the iteration numbers of the algorithm in Figure 2.6. In
Figure 2.8, the red dotted line represents the iteration number of 1, the yellow
and purple dotted lines represent the MWD when the chain iterates twice and
thrice, respectively, and the green dotted line corresponds to the MWD when
the chain iterates four or more times. The red, yellow, and purple lines exactly
match the point at which the small peaks appear in the entire MWD. This
indicates that an error occurs when the number of repetitions is small. This is
because the algorithm shows a little oscillation when the total number of Blocks
is smaller than the ‘Unit Step Number.” The error appears until the number of
repetitions is 3 in case the ‘Unit Step Number’ is 50. To address this issue, when
the target chain is short, we set a small ‘Unit Step Number’ and increase it as
the chain length increases. In this way, the model accuracy can be improved
while maintaining the calculation time. The detailed setting of the unit step
number is shown in Eq. (2-44). As a result, the modified model removed the

small peaks and agreed with the conventional model, as shown in Figure 2.9.

( Unit step number = 1 target chain length < 50

4' Unit step number = 20 50 < target chain length < 500
2-44

| Unit step number = 100 500 < target chain length < 5000 ( )

kUnit step number = 1000 5000 < target chain length
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Figure 2.9 MWD results of Block KMC model in which ‘Unit Step

Number’ is adjusted and compared with traditional KMC model.
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2.3.2 Reduction in calculation time

To quantify the time saved by the proposed model, we measured the average
time required to simulate one target chain for each model. Figure 2.10 shows
the average calculation time per chain according to the chain length. The blue
dots are the Block KMC model results, and the red dots are the conventional
KMC model results. Although the time difference between the two models is
small in the short chain, the Block KMC model becomes much faster in the
long chain. As discussed in the Block KMC part in Methodology section,
although the conventional method takes N -t; calculation time, the proposed

algorithm only takes (2-(N—Np)+1)-t;. This implies that the new

algorithm is 1/(2 - (1 - %) + %) times faster than the conventional KMC.

This is because the unit step number is set much larger in the long chain section.
LDPE typically has a molecular weight of less than 50,000 g/mol, which
translates to 1,700 mol™! in terms of the number of monomers in the chain.
Therefore, at least 10 to 32 times reduction effect can be expected when the
chain length is approximately 1700. As shown in Figure 2.10, although the
calculation time remains constant along the average chain length in the Block
KMC model, the calculation time of the conventional method increases in
proportion to the average chain length. This indicates that the proposed method

has an advantage in simulating polymers with a high Mw.
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2.3.3 Case study

Figure 2.11 shows the dependence of the molecular weight distribution on
the temperature. As the temperature decreases, the formation of the shoulder is

observed owing to the generation of more long chains.

Figure 2.12 shows the reaction ratio according to the temperature at various
initiator concentrations. The rate ratio of termination to propagation reaction
decreases with increasing temperature because the kinetic constant of
termination is less sensitive to temperature, and the live polymer concentration

decreases as the temperature increases.

Re _ kedd ko (245
R, kpA[M]  kp[M]

The rate ratio of the chain transfer to polymer to propagation increases as
the temperature increases. This is because the kinetic constant of the chain
transfer to polymer reactions is more sensitive, and the dead polymer weight
concentration increases with temperature.

ch _ kcploﬂl _ kcpﬂl
R, kpyA[M] ky[M]

(2-46)

The rate ratio of beta scission to propagation increases as the temperature
increases. This is because the kinetic constant of the beta scission is more
sensitive, and the secondary radical concentration increases with temperature,

while the live polymer concentration decreases.
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& — kblsec,o (2 47)
R, kpAo[M]

The rate ratio of chain transfer to monomer increases as the temperature
increases because the rate constant of the chain transfer to monomer is more
sensitive to temperature, and the ratio is constant even if the concentration

changes.

Rcm — kcmlo [M] — kcm (2—48)
R, kyAo[M] ky

The results of MWD according to the temperature can be interpreted by the
ratio results of each reaction. MWD becomes narrower as the ratio of the chain
transfer to polymer to the propagation increases with increasing temperature.
This does not agree with the fact that the chain transfer to polymer broadens
MWD. This means that the broadness of MWD is not determined only by the
chain transfer to polymer, but also by the termination and beta scission. At low
temperatures, as the termination reaction becomes dominant, the chains are
combined to increase the proportion of long chains. At high temperatures, the
beta scission predominates, and occurs better than the propagation in the
secondary radical chain generated from the chain transfer to polymer. Therefore,
the chain does not become a higher branched chain but breaks into smaller

chains, which causes the left shift of MWD.
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Table 2.6 Temperature sensitivity of reaction mechanism.

Reaction mechanism Activation energy Temperature
J/mol sensitivity
Initiation decomposition 149,347 Highest
beta scission 83,997 2+
Chain transfer to polymer 46,369
Chain transfer to monomer 37,802
Propagation 29,783
Termination 10,080 Lowest
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Figure 2.12 shows the dependence of the molecular weight distribution on
the initiator concentration. As the initiator concentration increases, the

formation of the shoulder is observed and the average chain length decreases.

The rate ratio of termination to propagation increases with increasing
initiator concentration because the live polymer concentration increases as the
initiator concentration increases. The rate ratio of the chain transfer to polymer
to propagation also increases as the initiator concentration increases, because
the dead polymer weight concentration increases as the initiator concentration
increases. The rate ratio of beta scission to propagation increases as the
temperature increases because the secondary radical concentration increases
faster than the live polymer concentration. The rate ratio of the chain transfer
to monomer is constant as the initiator concentration increases because the rate

constant of the chain transfer to monomer does not depend on the concentration.

As the initiator concentration decreases, the MWD becomes narrower and
shifts to the right. The plot shows a broad distribution because both long and
short chains are produced as the termination and beta scission become faster. In
addition, because the termination is more dominant than the beta scission under
a low initiator concentration, the distribution plot moves to the right and the

values of Mn and Mw also increase.
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Figure 2.12 Effect of initiator concentration on MWD.
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Table 2.7 Calculated properties of products at various initiator concentrations.

Initiator Mn Mw PDI Wy, mol/L A9, mol/L Asec,0, mol/L
concentration
5x1077 1.27 % 105 6.97 * 10° 551 1.80 1073 8.01x107° 6.39 x 10712
5x1078 3.35 % 10° 1.67 = 10° 5.14 5.55 % 1074 2.51%107° 6.12 x 10713
5%107° 5.67 x 10° 2.36 * 10° 4.17 1.64 x 1074 7.72 % 10710 5.57 10714
10710 6.34 % 105 1.39%10° 219  1.78% 1075 8.53%10711  6.54%1071°
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2.3.4 Shouldering condition

Because each reaction affects the MWD in a complex manner, it is
impossible to determine the condition in which a shoulder of the MWD is
generated by only one reaction. Therefore, 180 cases were simulated by varying
the temperature, initiator amount, and average residence time to determine the
condition of the shoulder appearing. The range of operation conditions is listed
in Table 2.8. In Figure 2.14, each reaction ratio is set as an axis. Blue and red
dots represent the shouldered and non-shouldered cases, respectively. To
formulate the reaction conditions in which the shoulders are generated, a flat
plane is found that separates the blue and red dots through a linear support
vector machine (SVM) technique. The hyperplane equation is given by Eq. (2-

49), and the model classification accuracy is 89%.
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Table 2.8 Range of operation condition

Operation condition Range
Temperature 480-520 K
Initiator concentration 5%107°-10"° mol/L

Average residence time 10-60 sec
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Under the condition that the F, value is positive, MWD does not have a
shoulder. When Fg; is negative, the MWD has a shoulder. The faster the
termination and the chain transfer to polymer and the slower the beta scission,
the higher the probability that MWD will have a shoulder, which is consistent
with a previous study. [12], [22], [32], [37] As discussed in the case study on
temperature, it is confirmed that the shoulder can be generated by the
termination and beta scission, despite the decrease in the the chain transfer to

polymer reaction ratio.

Fgp = —0.585 * ¢pp — 0.223 * ¢ + 2.286 * Pperq + 0.6 % 1075 (2-49)

¢: = Rate ratio of termination to propagation, R;/R,

bep

= Rate ratio of the chain transfer to polymer to propagation,R.,/R,
¢peta = Rate ratio of beta scission to propagation, Ryerq /R,

if Fg, >0, nonshouldered MWD (2-50)

else Fg, <0, shouldered MWD

2.4 Conclusions
In this study, we proposed an MWD prediction model that coupled
deterministic and stochastic methods. We introduced a new concept of ‘Block,’

which is a group of repeating reaction series. It reveals that the model is
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approximately 10 to 32 times faster than the model proposed by Neuhaus[30],
with almost the same performance. There are two reasons for the model to
reduce the computation time effectively. First, the number of blocks follows a
binomial distribution, which makes it possible to determine each reaction
quickly. Second, the propagation is much faster than other reactions. Because
of this feature, the model can effectively reduce the calculation time for
ordering the reactions. This reveals that the larger the average molecular weight
of the polymer, the greater is the time reduction effect. Therefore, the model

can be effectively applied to HDPE or higher-molecular-weight polymers.

We simulated the MWD and calculated the rate ratio of other reactions to
the propagation according to the temperature and initiator concentration. The
MWD was finally determined as the kinetic effects of each reaction that interact
with each other. Some studies have dealt with the effects of operation
conditions[12], [38], [39], but it is still challenging to analyze how the reactions
comprehensively affect the MWD. In particular, the shouldering phenomenon
remains a poorly understood topic, as it does not necessarily correlate with the
average molecular weight. This makes it difficult to obtain the desired product,
while making the operation of the reaction system difficult. Therefore, in this
study, we provided a quantitative guideline for the appearance of the shoulder
with 89% accuracy by simulating 180 cases for the operating conditions shown

in Table 2.9.
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The model was developed using a CSTR reactor. For a practical reactor, the
viscosity of the fluid in the reactor increases as the polymerization proceeds,
hindering perfect mixing and heat transfer. Furthermore, the reaction system
was controlled with several input flows by regulating the temperature or
initiator concentration. Therefore, industrial polymer reactors exhibit
inhomogeneous behavior. The conventional KMC technique takes too long to
combine with the flow data; whereas, the proposed model is applicable because
of its reduced computation time. Therefore, the proposed model can be applied

to an industrial-scale reactor for real-time control and optimization.

2.5 Notations

C, concentration of molecule a, mol/L

D, dead polymer chain of length n

f effectiveness factor for initiator decomposition,dimensio

Fen shouldering measurement, dimensionless

k kinetic constant

kp kinetic constant of beta scission reaction,s™!

kep kinetic constant of chain transfer to polymer reaction, L
-s)‘1

Kem kinetic constant of chain transfer to monomer reaction,
-s)‘1

kg kinetic constant of initiator decomposition reaction, s~ !

ky kinetic constant of propagation reaction,L(mol-s)™?!
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Pep1, Pep
Pem
Py1, Py
r
R;

R,1, R

ply \p2

kinetic constant of termination by combination reaction
-s)‘1
live polymer chain of length n
secondary radical polymer chain of length n
chain length sampled from the live polymer chain leng
the matrix where chain length data is stored
ethylene monomer
number of simulated taget chain
number of molecules
Avogadro number
number of B1 blocks
number of B2 —1 and B2 — 2 blocks
number of B3 —1 and B3 — 2 blocks
number of B4 —1 and B4 — 2 blocks
random number between 0-1
total number of taget chains to be simulated
Probabilities of propagation reaction
Probabilities of termination by combination reaction
Probabilities of chain transfer to polymer reaction
Probabilities of chain transfer to monomer reaction
Probabilities of beta scission reaction
stochastic reaction rate
initiator decomposition reaction

propagation reaction
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R,
chlv chz
Rcm
Rbetalv Rbet¢
o1, 1p2

Tt

rcplv rcpz

b1, Tp2

termination by combination reaction
chain transfer to polymer reaction
chain transfer to monomer reaction
beta scission reaction
stochastic rate of propagation reaction,(mol - s)~?!
stochastic rate of termination by combination reaction, |
.5)"1
stochastic rate of chain transfer to polymer reaction, (ir
.5)"1
stochastic rate of chain transfer to monomer reaction, (
.5)"1
stochastic rate of beta scission reaction, (mol-s)~!
Average residence time in CSTR reactor, sec
current simulation time, sec
residence time of target chain, sec
total volume of reactor system, L
volumetric flow rate of input flow,L/s
concentration of dead polymer, mol/L
concentration of the dead polymer of length n,mol/L
concentration of initiator, mol/L
concentration of live polymer, mol/L
concentration of the live polymer of length n,mol/L

concentration of secondary radical polymer, mol/L
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concentration of the secondary radical polymer of lengt

/L

[M] concentration of monomer, mol/L
Ak k'™ moment of live polymer chain
Aseck k™ moment of secondary radical polymer chain
U k™ moment of dead polymer chain
2.6 Abbreviations

CSTR, continuous stirred-tank reactor; CTA, chain transfer agent; HDPE,

high density polyethylene; KMC, Kinetic Monte Carlo; LDPE, low density

polyethylene; MC, Monte Carlo; MI, melt index; MoM, method of moment;

MWD, molecular weight distribution; PDI, polydispersity index; SMMA,

single macromolecule approach; SVM, support vector machine
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Chapter 3

Physics-informed deep learning for
data-driven solutions of computational
fluid dynamics

3.1 Introduction

Computational fluid dynamics (CFD) is a powerful tool that uses numerical
approaches to solve engineering problems involving fluid motion and heat
transfer. CFD has been employed in a wide range of research fields, such as
aerodynamics [40], weather dynamics [41], environmental engineering, and
industrial system modeling [42]. However, a critical issue of CFD simulations
is their long computational times. Owing to this disadvantage, the application
of CFD in analyzing the real-time behavior of systems and predicting non-

simulated scenarios has been inherently limited.

Recent developments in machine learning have fundamentally transformed
many classical engineering approaches and provided suitable alternative
methods to solve complex tasks, including the simulation of complex fluid
motion and heat transfer. Motivated by the potential of machine learning for
speeding up numerical simulations without compromising the accuracy, a
number of studies have focused on developing a surrogate model that aims to
replace or accelerate CFD simulations. The most widely-used surrogate models
in the field of chemical process engineering include the polynomial
approximations [43], Gaussian process (GP) [44], and deep learning models

[45]. The polynomial approximation is the most commonly used model;
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however, it is simple and its applications are limited to less complex under-
lying models and local regions. GP is a nonparametric Bayesian approach that
works well on small datasets and can provide a measure of uncertainty for
predictions. GP is suitable for modeling small datasets where some prior
knowledge of the generative process exists. Deep learning techniques have
been widely used to develop surrogate models for flu-id-flow systems owing to
their scalability with a large amount of data and hierarchical feature learning,
which are suitable for large-scale and highly nonlinear systems, respectively.
Ling et al. (2016) [46] used a deep neural network (NN) with embedded
invariance for Reynolds-averaged turbulence modeling. Na et al. (2018) [47]
proposed a non-linear surrogate model for toxic gas release scenarios using a
variational autoencoder with deep convolutional layers and a deep NN. To
obtain a reliable model, these deep learning approaches require a large amount
of data to avoid the problem of overfitting and undue extrapolation. Although
the feature extraction characteristic of deep learning is known to be
advantageous, these extracted features are often inconsistent with physical
implications. Hence, these purely data-based surrogate models cannot be

reliably used for inference in untrained spaces [48].

To overcome these limitations, several approaches to combine scientific
knowledge and deep learning models have been developed. Karpatne et al.
(2017) [48] proposed a physics-guided NN that uses scientific knowledge as
physics-based loss functions in the learning objective of NNs in order to obtain
a physically consistent model. Raissi et al. [49] proposed a more advanced
model called the PINN, in which the constraint term of the physical law

described by general non-linear partial differential equations is incorporated
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into NN training. PINN is suitable for systems where the first principles are
given in the form of partial differential equations, such as fluid flow systems
governed by mass and momentum conservation laws. PINN has numerous
advantages over purely data-driven models: it can be effectively trained with
small datasets; it shows high performance in regions without observable data
because it can be trained in any region to satisfy the governing equation without
actual data. It can also solve the inverse problem of finding unknown
parameters that converge toward their true values during training. Owing to
these advantages, the PINN approach has been applied to several physical
systems such as high-speed aecrodynamic flows described by the Euler equation
[50], wall modeling in large-eddy simulations [51], and the incompressible
Navier-Stokes equation [52]. Previous studies have mainly dealt with fluid flow
systems only, and none of them have solved reaction kinetics and heat transfer
together, which is essential in the model development of chemical engineering

systems.

In this study, we investigate the feasibility of applying PINN to a chemical
reactor system, which is a continuous stirred tank reactor (CSTR) with a Van
de Vusse reaction. A method for a training system, including mass conservation
equations, momentum conservation equations, heat conservation equations,
and species transport equations, is suggested. In particular, because the system
requires multi-reference frames owing to the mixing domain, we present how
the model framework is conceived for implementation. Further, as the system
operates by several different types of physical equations and the number of
system variables increases, reliable performance cannot be obtained with

existing PINN methodology. Therefore, we suggest three strategies to improve
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model performance. First, a large number of training data points are needed to
train the system; thus, mini-batch training is introduced to prevent memory
errors and increase model accuracy. Second, because empirical and physics
errors for each governing equation are of different scales and hinder proper
learning, we adopt the concept of the weighted loss function. Third, a similarity-
based sampling strategy is introduced, which can improve the performance of

the model when a sudden change in the system state occurs.

3.2 PINN

PINN, first proposed by Raissi et al. [49], is effective in finding a robust
solution from data derived from a system whose governing equations are in the
form of partial differential equations. PINN embraces a partial differential form
of physical law in machine learning, making it possible to learn not only the
patterns of the data but also their underlying physical laws. PINN is based on
the same algorithm as that of the feedforward NN, except for the loss function.
While the gradients of the output value errors are backpropagated to update the
weights and bias in the feedforward NN, additional loss terms regarding the
physical law determined using automatic differentiation are included in PINN.

Therefore, the loss function consists of an empirical error term (MSE,) and a

physics error term (MSEp), as presented in Eq. (3-1).

MSE = MSE, + MSE; (3-1)
As presented in Eq. (3-2), the empirical error term is defined as the mean
squared error of the output variables, where {xji,, yi} (i=1,..,N,) denotes

the training data on y(x), N,, is the number of training data points, xji, is
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mostly defined as a set of independent space and time variables, and y® are the
system state variables such as velocity components and pressure. The physics
error term in Eq. (3-3) is the mean squared error of the governing equations,
which can be calculated from NNs through automatic differentiation, where
{x}} specifies the collocation points for f(x) N¢ is the number of

collocation points, and f is a set of physical equations.

Ny
1 . . -
MSEy == [y(x) =¥’ G2
Yi=1
1 J
i\ |2 3-3
usty =) £ (<)l o

As shown in Figure 3.1, the model outputs from the NNs are fed into the
first-principles model, and the error in the output variables and the error in the
physical equation are summed and backpropagated to update the

hyperparameters of the NNs.

PINNs are suitable for simulating a chemical reactor system, which is
represented by a set of partial differential equations, such as mass and
momentum balances, heat conservation equations, and species transport
equations. However, because of the properties of the reactor system, where
multiple reference frames exist and are governed by various types of physical
equations, PINN structures need to be modified, and several strategies are
needed to improve model performance. In the subsequent section, we suggest a

loss function and model structure relevant to the target system.
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Figure 3.1 Schematic of PINN.
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3.3 Model description

In this section, we introduce the modeling method of a CSTR with a Van de
Vusse reaction using a model framework based on CFD and PINNs. The CSTR
with the Van de Vusse reaction has been widely used as a benchmark problem
owing to its nonlinearity [53]. There are two types of reactions commonly found
in the literature: isothermal [54], [55] and non-isothermal [56], [57]. A non-
isothermal reactor is used in this study to consider fluid flow, heat transfer, and

reaction kinetics together.

3.3.1 CFD modeling

Figure 3.2 depicts the reactor geometry, which is a flat-bottomed, fully
baffled tank, with a diameter of 0.288 m and a height of 0.288 m. It has one
inlet, one outlet, and centrally located pitched-blade impellers that rotate at a

speed of 10 rpm.

Van de Vusse reactions are referred to by Ridlehoover et al. [58], and the
kinetic parameters that we used for the target system are presented in Table 3.1.
The model component properties and the initial and boundary conditions are

also listed in Table 3.1.
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Figure 3.2 Reactor system geometry and tank specifications.
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Table 3.1 Reaction Kkinetics, component properties, and initial and

boundary conditions.

Kinetic parameters

Reactions A (1/s) E, (J/mol)
A k_1> B 3.575 % 10° 8.109 * 107
B k_2> C 3.575 % 10° 8.109 * 107
ZAk—3> D 2.512 % 10° 7.113 % 107
Component properties
p 934.6 kg/m3
u 1.0+ 1073 kg/m"s
C, 3,010 J/K - kg
K 0.6 W/m-K
Mw, 155.3 kg/mol
D 2.88x107° m?/s
Initial conditions
Cq, 2.23 1073 mol/L
Cp, 1.04 x 1073 mol/L
Ce, 0.91 * 10~3 mol/L
Cq, 0.92 * 10™3 mol/L
Ty 79.591 °C
Ty 104.9 °C
Cof 5.1 %1073 mol/L
T, 77.5 °C
Qf 3.89 x 1072 L/sec
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The reactor is divided into two domains: the inner and outer domains. The
inner domain is assigned around the impeller, and the outer domain is the rest
of the domain. The inner domain refers to the moving reference frame, which
rotates in the opposite direction of the impeller, and the outer domain refers to
the stationary frame. Therefore, the governing equation for each domain varies
according to the reference frame. A set of governing equations that satisfy each
domain are explained in the section on the governing equation, and the PINN
model architecture that integrates two different domains into one model is

introduced in the section on the PINN architecture.

The mesh structure is composed of 0.3M cells. We have performed a
mesh convergence test on 8 different meshes. The graph on the left in the Fig.
3.3 shows the average velocity value at the outlet according to the number of
meshes and the graph on the right shows the average mole fraction of d at the
outlet according to the number of meshes. When the number of meshes is more
than 0.2M, it can be seen that the simulation results converge. We used ANSY S-
Fluent v19.2 to generate the model training data calculated through CFD. After
the simulations were completed, the values of the state variables (velocity
components, pressure, and temperature) and the mole fraction of each

component according to time and position were exported.

3.3.2 Governing equations

The target system is governed by the mass, momentum, and energy

conservation laws and the species transport equations. We used a laminar model
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Figure 3.3 Mesh convergence test results.
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for the viscous model and assumed a compressible flow. Specifically, for
our system, we consider two domains with different reference frames, and thus
each domain follows a different form of physics law. The velocity vector is

converted from a moving reference frame to an absolute frame using

b=7 4+ W xP). (3-4)
The term ¥ is the absolute velocity vector, v, is the relative velocity
vector, W is the rotating angular velocity, and 7 is the position vector from
the origin of the moving system. The governing equations for fluid flow in an

absolute frame can be written as follows:

The equation for the conservation of mass is

0P ooy = (3-5)
5t +V-(pv) =0,

where p is the density.

The equation for the conservation of momentum is

6 _ -
57 PO + V- (pvv) = —Vp + V- (D), (3-6)
where T is the stress tensor.
The equation for the conservation of energy is
5 " -5 (3-7)
a(pE) +V: (v(pE +p)) =V -(kVT +7T-7v),

where E is the internal energy.

The equation for species transport is
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é R -
= (0Y) + 7 (pY) = 7 (pDVY) + Ry, (3-8)
where Y; is the local mass fraction of the i‘" species, and R; is the net

rate of the production of species i by a chemical reaction.

For the relative velocity formulation, the governing equations of the fluid

flow in a moving reference frame can be written as follows:

The equation for the conservation of mass is

ép _ 3-9
E+V~(pvr)=0. (3-9)
The equation for the conservation of momentum is
6 —— > — — — — -
a(pvr) + V- (pvyv,) + p2W X1 + W X W X T) (3-10)

=-Vp+V-(%).
The momentum equation contains two additional acceleration terms. The
(2W X 1) term is the Coriolis acceleration, and the (W X W X 7*) term is the

centripetal acceleration.

The equation for the conservation of energy is
6 R - (3-11)
5 (pE,) +V - (pvH,) =V - (kVT + T, - 1),

where E, is the relative internal energy and H, is the relative total

enthalpy.

The equation for species transport is

)
5; (PYD +V - (piY)) = —V(pDVY)) + R;. (3-12)
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These equations will contribute to PINN training.

3.3.3 PINN architecture

We design the PINN to infer all the states of interest, i.e., velocity
components (u,v,w), temperature (T), and mole fractions of a, b, c, and d
(far for for fa)- x:=(x,y,2,t) is introduced as a set of independent space and
time variables and y:= (u,v,w,T,f,, fp, fo,p) represents the set of state
variables. Based on the PINN framework [49], the output variable y is

approximated using a feed-forward multi-layer NN:

y(x) = N (x;6), (3-13)
where IV is an L-layer NN with a set of input variables x and a network

parameter 6. This network represents a compositional function, which is

N(x;0)=3f ozt 1o 0xl(x) (3-14)

Z}‘(z}“l) i=zh = oAW1 + b}‘) where 1=1,...,L (3-15)
where the symbol o is the composition operation, 4 is the layer number,

0

z% := x is the input to the network, z* :=y is the output of the network, W*

and b are the network parameters of layer A known as weight and bias, and

o s the activation function.

The architecture of a PINN consists of 11 layers, including 100 neurons for
each layer, whose numbers are determined empirically by simulating several
cases. Too many layers prevent a model from being generalized, and a small
number of layers are not sufficient to represent the system. Fig. 3.4 shows

training and test loss according to the learning Epoch for various number of
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layer. The number of epochs means how many times the entire dataset is passed
forward and backward through the neural network. As shown in Figure 3.4,
when the number of layer exceeds 11, model accuracy does not improve
anymore. Training and test data loss oscillate more when the number of layer
is 13, reducing model stability. Each node is fully connected to the nodes of the
previous layer and contributes to the next layer’s nodes with the tangent

hyperbolic activation function.
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Figure 3.4 Loss graph for various number of layer: a) training data loss, b) test data loss.
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As mentioned in the previous section, the loss function consists of an
empirical loss term, which is the mean squared error between the real and
predicted values of the output variables, and a physics loss term, which is the
model error of the governing equations consisting of derivative terms calculated
through automatic differentiation from the networks. A weighted loss function
is used here. In particular, for our system, the total loss of the network, MSE,
includes a loss term for the output variables (MSE,, MSE; and MSEy,) and
the physics equations (MSEf__ ,MSEf ,MSE;, and MSEfspec)'

MSE
= Wemp(MSEy, + MSEy + MSEy) + Wy, MSE; (3-16)
+ thYZ MSEfu + thY3 MSEfk + thyzLMSEfspec’

where the empirical loss term is evaluated at training points
{x,ﬂ,y,i,z,ﬂ, th,ul, vi,wh, T",fcf,fbi,fci} i =1,..,N,, and the physics loss term
is evaluated at a collocation point {x},y},z}, t}} i =1,..., N¢. The empirical

loss terms are expressed as

M (3-17)
MSE, = Niu;(|u(x)i - ui|2 + vt - 17"|2 + |w(x)t - Wi|2)
Ny (3-18)
1 . .
MsEr = - > (TG =T
“i=1
(3-19)

Ny
1 ; ; . ; . .

MsEy = > (L = i + [/ - fil* + £ - £
ui=1
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The physics loss terms differ depending on whether the collocation point

belongs to the inner or outer domains. The loss term for the mass conservation

equation is

Ny
1 . 2
MSEfcont = N_defclont'Z) (3 0)
i=1

The loss term for the momentum conservation equation is

MSEj, (3-21)

n i=1

)

{l Nl 2 (|fuln| + |fum| + |fW| ) {x}‘;y}‘, Z}‘, t}‘} € Xin
|

where X;, denotes the inner domain and X,,; denotes the outer domain

The loss term for the energy conservation equation is

. - (3-22)
il {x} v} 256} € Xin

|(
MSE;, = { =
lk

1 ; S
N 2 (|fklout|2) {x}:y}:z};t}}exout
out %

The loss term for the species transport equation is
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MSEf spec

NLn

( 1 i 2 i 2 i z [N S S

| N_in2<fspecain + fspecbin + fspecbin ) {xf'yf’zf' tf} € Xin
_ i=1
- { Nout

| 2

2
+ +

ol
Nout

i=1

2
i i i | A )
f;lpecaout f;lpecbout f;pecbout ) {xf’yf’ Zf) tf} € Xout

The detailed forms of all governing equations are listed in the
Appendix. The network is trained by minimizing the total loss using the
backpropagation algorithm, where every weight is updated by
calculating the gradient in each weight with respect to a loss function
with Eq. (24). It is repeated until the total loss is smaller than the
stopping criteria. The model was trained by the optimization package,

AdamOptimizer in TensorFlow.

OMSE (3-24)

w
an']'

*_
ij =wij tax

where the w;; is the weight for neuron j in layer i in the current

*

training iteration, w;;

is the updated weight for neuron j in layer i, and

« is the learning rate.

As shown in Fig. 3.5, the entire training data set is composed of Dem,p, and
Dphy. Demp i the training data set used to calculate the empirical error which
is the set of the input and output variables of the network. Dpyy is the

collocation data set used to calculate the physics error which is the set of the
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only input variables of the network. Collocation data are divided into two
domains, and the physics losses are calculated separately using Egs. (20)—(23).
These physics losses are summed and combined with the empirical loss
calculated by Egs. (17)—(19) to determine the total loss, and the network is
trained by minimizing the total loss using the backpropagation algorithm. A
total of 2 *10% data points were used for training data and 2 = 10° data
points were used for collocation points. The PINNs were trained using

Tensorflow v1.10.0 with a NVIDIA GTX Titan GPU.
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Figure 3.5 PINN model structure for CSTR with Van de Vusse reaction.
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3.4 Result and Discussion

3.4.1 Model verification

Figure 3.6 and Figure 3.7 show contour plots of the velocity magnitude and
mole fraction of component A for the CFD model and the PINN model in a
vertically sliced cross section of the reactor. The PINN model shows good
agreement with the CFD model for all state variables, extracting the proper flow
pattern. The L, relative error as presented in Eq. (3-25) of the PINN model is
1.98 1071 for the velocity magnitude and 3.661 * 102 for the mole
fraction of component A (Table 3.2). The first reason for this large L, relative
error is that the CFD simulation does not provide an exact solution with a
numerical error, which leads to errors in the PINN model. The second reason is
that the system has many state variables to be learned and governed by highly
nonlinear physical equations, which makes it difficult for the surrogate model

to find the global optimum.

Zlivzl(Yreal,i - Ypred,i)z (3-25)

N 2
Zi:1 yreal,i

L, relative error = \]

79



t=0.1s

0.00
a
) -0.05
PINN model = 2
= 015 = 0.10
EN N —
-0.20 2
0.08 £
-0.25 P
kel
-0.1 0.0 0.1 0.06 2
[—
(o]
0.04 £
c) 0.00 0.00 E
-0.05 -0.05 0.02 g
CFD __ 010 -0.10 g
E -0.15 -0.15 0.00
=

-0.20 -0.20

-0.25 -0.25

0.0 . -0.1 0.0 0.1
x (m)

x (m)

Figure 3.6 Comparison of PINN model and CFD for velocity magnitude: PINN model solutions of the velocity
magnitude at 0.0005 s and 0.005 s (a, b), CFD solutions of the velocity magnitude at 0.0005 s and 0.005 s (c, d).
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Table 3.2 L2 relative error of PINN model for states variables.

State variable L, Relative error
Velocity magnitude 1.98 x 1071
Mole fraction of A 3.66 x 1072
Mole fraction of B 2.21 %1072
Mole fraction of C 1.25 x 1072

Temperature 1.22 %1071
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Figure 3.8 shows a comparison between the performance of PINN and NN
in developing the surrogate model. We use the same network structure for the

NN as the PINN, and this network is trained with the loss function as follows:

MSE = Wepm, (MSE, + MSEr + MSEy), (3-26)
where the weight was assigned the same value as in the PINN model.

NN shows a higher accuracy in predicting output values, with an empirical
loss lower than that of the PINN. However, the physics loss of the NN is much
larger than that of the PINN because the NN does not learn physical laws. In
Fig. 3.9, the images of h) and i) represent the z-component of the learned
velocity vector of the PINN and NN’s, respectively for the cross section in xz
plane. While the PINN can extract the representative characteristic of the flow,
NN shows noise that does not have any physical meaning because of overfitting.
For a simple system, the empirical error of the NN is sometimes larger than that
of the PINN; however, for the CSTR with an impeller, which has a complex
geometry, PINN mostly has a larger empirical error than the NN. This is
because the boundary condition, such as the non-slip condition on the surface
of the impeller, that imposes non-linearity on the system makes it difficult for
the PINN to obtain the optimum solution. Furthermore, the error of the
governing equation, for example, the continuity equation, increases in regions
where the velocity varies significantly, such as the boundary. Therefore, the loss
term for the continuity equation implies that the model does not change
significantly at the boundary condition, which yields a large empirical error.
For this reason, the empirical error of PINN is larger than that of the NN, even

though its physics error is much smaller than that of the NN.
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Figure 3.8 Loss graph of PINN and NN: a) empirical loss of PINN and NN against number of epochs and b)
physics loss of PINN and NN against number of epochs.
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3.4.2 Improvement of model performance

3.4.2.1 Mini-batch training

We encountered a memory allocation error when more than approximately
5000 data were trained at once using a 16G GPU. This is because TensorFlow
pre-allocates the entire memory of the GPU [59]. Mini-batch training can
resolve the memory error issue by dividing the entire dataset into several
batches, making it possible to require memory only for the batch size, and not
the total data size. The parameter is updated for every mini-batch of n training
data points. When the batch size is 1, the so-called stochastic gradient descent,
the model encounters the issue of high fluctuation of parameters during training
[60]. A proper batch size should be specified to avoid model performance
degradation and reduce the variance of the updated parameters for more stable
convergence. Batch training not only resolves the memory allocation error but
also improves the learning speed of the model. As shown in Figure 3.10, using
smaller batch sizes can lead to faster convergence. While a large batch size is
known to lead to poor generalization [60], the trained model with smaller

batches showed a smaller error.
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3.4.2.2 Weighted loss function

The loss function consists of two parts: empirical and physics terms. The
value of each term should be maintained at a similar level for proper learning.
To maintain the size of each term, we introduce a weight for every loss term.
The weight of each physics loss term is presented in Table 3.3. Because the loss
values of the momentum and energy conservation equations are very high, the
weight of each term was set to a low value. The terms constituting the energy
conservation equation are, for example, kVT, inherently larger than the terms
of the momentum conservation equation because the scale of the temperature
variable is much larger than that of the velocity variables. After setting the
initial weights, we adjusted the weights further. We found that each weight
affects the performance of the model. As shown in Figure 3.11, when the weight
of the empirical term is set to a high value, the contour plots show more obvious
and detailed patterns. This is because the model behaves similarly to a NN as
the weight of the empirical error increases. Accordingly, the empirical loss
decreases and the physics loss increases as the weight of the empirical error is

set to a high value, as shown in Figure 3.12.
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Table 3.3 Weight of each loss term.

Wphy, 1
Wphy, 1x107°
Wphy, 1%10718
Wphy, 1
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3.4.2.3 Similarity-based sampling strategy

When the data are selected randomly based on time and position, we face
the problem of poor model accuracy when the state changes rapidly. Because
our system starts from a stationary state, it changes rapidly at the beginning
until it reaches a stationary state. This leads to degradation in the model
performance, as shown in Figure 3.13. To address this issue, we introduce a
similarity-based sampling strategy. This sampling strategy is based on weighted
sampling proposed by Kalal et al. [61], where the data are sampled based on

given weights. In this study, we defined such weights with data similarities.
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In a similarity-based sampling strategy, the number of sampled data in a
certain domain is determined based on their similarity. We sample more
significantly changing data, and we reduce the number of samples where the
data points at different time points show a similar pattern. The similarities
between the states are measured by the mean absolute error between adjacent
times t; and tj,; for every state variable that is located at the same position
as shown in Eq. (3-26) n is the number of data points for which similarity is
calculated. The number of sampling data N; for time index i is calculated
using Eq. (3-27) and the distribution of the number of sampling data over time
for the system is presented in Figure 3.14. As expected, most of the sampling
data were populated during the early stage in time, and the number of samples

decreased as the system reached a steady state.

¢ -t (3-27)
YLy j
D) AR
j = u' 17, W; fal fb; f‘c; k; l = tlme lndex
X2 S

As shown in Figure 3.15, the model with random sampling showed poor
performance between 0 and 0.02 s. This is because the number of sampled data
points was insufficient compared to the high variety in the data pattern.
Therefore, the model with the weighted sampling showed a considerably higher
accuracy during the time interval of 0—0.02 s compared with the random
sampling model. Numerically, as shown in Figure 3.16, the model with
similarity-based sampling achieved an L, relative error of up to five times

lower than that of the random sampling model at 5 * 10™* s.
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3.4.3 Comparison of PINN model with 1-D ODE model

In the previous section, we investigated the performance of PINN, which
finds a solution comparable to CFD with training data and governing equations.
In particular, in the reactor model, the inhomogeneous state due to the internal
flow plays an important role in determining product quality. The CFD model
can simulate the fluid flow, but it has a limitation in industrial applications
because of its long calculation time. Although a simple one-dimensional (1-D)
ODE model can be simulated in real time, it cannot consider the fluid flow
inside the reactor. PINN resolves both the problems of the CFD and the ODE

model.

In this section, we investigate the difference in the results of the 1-D
ODE, CFD, and PINN models, and how each model has different
implementation times. As shown in Figure 3.17, the molar concentration of
component A calculated by the 1-D ODE model is smaller than that determined
by the CFD and PINN models. This is because the components B, C, and D
produced from component A are accumulated in the upper part of the reactor
that cannot be stirred, hindering the reaction of component A. In the 1-D ODE
model, states that are different from the actual phenomena are predicted
because of the assumption of the homogenous phase. From the results in Figure
3.16, it is obvious that the fluid flow should not be ignored because it has a
large effect on the reactor system state, such as temperature and product
specification. However, as presented in Table 3.4, the CFD model takes 3.72 *
10° s using 16 CPU cores of Intel® Xeon® CPU E5-2697 v2 @2.70GHz to

implement the model that prevents its use in real-time applications. Even
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though it takes about 4 * 10* s to train 2 = 10° data sets, it takes very short
time to implement the model after training. Therefore, the PINN model can be
used for real-time optimization or control of a system that includes fluid flow.
The PINN is 1300 times faster to implement than CFD, making it suitable for
use in real-time problems; the accuracy of the PINN is also similar to that of

CFD, as shown in Figure 3.17.
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Table 3.4 Calculation times of ODE, PINN, and CFD. (Calculation time:

total elapsed time during simulation).

Model ODE PINN CFD

Calculation time (s) 7.21 %1072 2.86 * 102 3.72 % 10°
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3.5 Conclusion

In this study, we investigated the possibility of using PINN to develop a
surrogate model of CSTRs with the Van de Vusse reactions. We could find a
solution that satisfies all the governing equations of mass, momentum, energy

conservation, and species transport.

Because the system was governed by various types of physical equations
and contained a multi-reference frame, we could not find a proper solution with
the default setting of the PINN, which has been presented by Raissi [49]. Thus,
a modified model framework that can implement a multi-reference frame
system was introduced. In addition, we suggested three ways to enhance the
performance of the PINN. First, we introduced mini-batch training. A full batch
can only be used when the number of data is small be-cause it requires a large
amount of memory. In addition, it is known that a large batch size leads to poor
generalization. A small batch can provide a model with a stochastic effect that
allows the model to explore a wider range. For our system, we confirmed that
PINN also has the advantages of a mini-batch that contributes to faster
convergence and better generalization. Second, we used a weighted loss
function. This was necessary because the scale of the physics loss was
considerably larger than the empirical loss term, which led to poor learning
performance. After we set each term to a similar size, a more detailed
adjustment of the weight was performed. We tested the effects of weights on
the training results. The model showed a more detailed pattern when the weight
of the empirical term was larger, while the model likely learnt a representative
pattern when the weight of the empirical term was smaller. This could be

adjusted according to the purpose of the model. However, it has a problem in
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that priori knowledge is required for determining the value of the weight
because the scale of the physics loss terms is not known before the simulation.
In future work, we will develop an adaptive learning method, which can
adaptively determine the weight of each term during training. Third, we
introduced a similarity-based sampling strategy. The concept of “similarity”
was proposed and the number of sampling data was allocated in inverse
proportion to the similarity. By using similarity-based sampling, the model
accuracy was considerably improved in cases when a sudden change in the

system state occurred.

The solution from PINN has the same fidelity as that of CFD with
similar accuracy. CFD is the only way to simulate a system that involves fluid
flow. However, CFD has a critical problem of a high computational cost, which
makes it difficult to apply to various problems such as system design and
optimization. We confirmed that the PINN can dramatically reduce the
calculation time while maintaining the fidelity of the CFD. However, it is
difficult to obtain as high accuracy as CFD with PINN, especially for the more
complex the system. Therefore, the application of PINN is inevitably limited in

application that requires as much accuracy as CFD.

In this work, we trained and developed the surrogate model for a single CFD
case. We expect the model can be extended to a general surrogate model that
can simulate various operating conditions with training on various cases. Like
any other machine learning technique, PINN is hard to predict the completely
outside of training domain. However, because the PINN learns physics

equations, it will have a higher accuracy and would be more reliable in
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untrained regions than a black box model. This work shows that a system with
complex flows can be simulated in real time and suggests the possibility that

such a model can be used for system optimization and control.
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3.6 Appendix

fcont = Uy + 1Jy + W, (3-A1)
Fragn = (e + Ut + Uy U + Uy W — 0(Uyy — Uy X = 1)) + P = fthx + Uy +Uz;)  (3-A2)
fuou; = p(ut +uu+ uyv + qu) + Py — :u(uxx + Uyy + uzz) (3-A3)

for = PV + VU + V0 + 0,0 — WUy = VX + 1)) + Py — U(Ver + Vyy + V) (3-Ad)

Foowe = P(Ve + vt + 00+ 0, W) + Dy = (Ve + Vyy + Vz7) (3-A5)
fw = p(wt +w,u+wy, v+ WZW) +P; = U(Wyx + Wy + Wy,) (3-A6)
fkin

=pC, (Tt - % + (uu — wupy + vve + wvex + wwy) +uTy +vT, + WTZ>

+ p(u(uuy, — WUy + VU, + WV + Wwwy)

+ v(uuy —wu,y —wu+ v, + wvyx + WWy) (3-A7)
+wuu, — wuy + vv, + wvx + ww,) — K(Tyy + Tyyy + T5,)) — (U — 0Y) (U

+ Uy +Uz) + (V+ 0X)Vgy + Vyy + Vy5) + Wy + Uyy, +Uuy,) + (U, + v,)?

+ (ug + wy)? + (v + wy)? + 2(u,” + 1,2 + w,2))

frou

=pG, (kt +uT, +vT, + WTZ) + up, + vp, + wp, — K(Txx +T,, + TZZ) (3-A8)
= u(UUyy + Uyy + Uz) FV(Vgy + Vyy + V) + W(lyy + Uy +uy,) + (U, + v,)?

+ (ug + wy)? + (v + wy)? + 2(u,” + 1,2 + w,2))

fspecain

= (far + = 0oy + @+ 00 oy +Wfay) =D (fae + fary +far) Har (309

n 3P
MwofZ @2~ fa=fo—fo)

fspecbin
= (for + = 0Nfy + @+ 00 o, +Why,) =D (fory+ foyy + for,) —faTs  (3-Al0)
+ for2

fspeccl.n

= (for + =) fer + @A 0Ofe + W) =D (fopy + foy, + foyy)— fors  G-ATN)
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Yez = 5oz
T =kCy
r, = k,Cp
3 = k3Cf

3.7 Notations

Pre-exponential factor
Bias parameter at layer A
Specific heat
Initial concentration of component A
Initial concentration of component B
Initial concentration of component C
Initial concentration of component D
Concentration of A at input flow
Diffusivity

Internal energy
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(3-A13)

(3-A14)
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feont

Fusin

f Uout

foin
Fooue

fw

fi kin

fi kout
fopocay,
fopoen,,
fopece,,
fopoca,.

fspecbou

Relative internal energy
Activation energy
Mole fraction of component A
Mole fraction of component B
Mole fraction of component C
Mole fraction of component D

Governing equations
{fl: fcontv f2: fuin' f3: fuout’ ﬁl»: ﬁ’in’ f5: ﬁ]out' f6: fw' f7: fkin' f8: fkout'/

fll: fspecbinv f12: fspeccinv f13: fSPECaout’ f14»: fSPECbout’ f15: fspech
}

Continuity equation
Momentum equation for x-direction for inner domain
Momentum equation for x-direction for outer domain
Momentum equation for y-direction for inner domain
Momentum equation for y-direction for outer domain

Momentum equation for z-direction

Energy conservation equation for inner domain
Energy conservation equation for outer domain
Species tranport equation for component A for inner domain
Species tranport equation for component B for inner domain
Species tranport equation for component C for inner domain
Species tranport equation for component A for outer domain

Species tranport equation for component B for outer domain
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Species tranport equation for component C for outer domain

Relative total enthalpy
Thermal conductivity
Total loss
Total Physics loss
Continuity equation error
Momentum conservation equation error
Energy conservation equation error

Species transport equation error

Output variable of temperature error
Output variable of velocity error
Output variable of components mole fraction error
Total empirical error
Molecular weight
Number of data point
Number of colllocation point for f
Number of output variables
Number of total training data
Pressure

Input mass flowrate

Net rate of the production of species i

Position vector from the origin of the moving system

Similarity index at time i and component j
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Temperature
Initial temperature of reactor
Input flow temperature
Wall temperature
x-direction velocity component
Ouput variables {uy:u, uy: v, uz: w,uy: k, us: f, U fp, U7: o}
y-direction velocity component
Absolute velocity vector
Relative velocity vector
z-direction velocity component
Rotating angular velocity
Weight parameter at layer A
Weight for empirical loss term
Weight for physics loss term
Inner domain
Outer domain
x-direction location
Mass fraction of i*" species
y-direction location
Predicted output from the input x*
Exact solution of output variables at x*
z-direction location
Density

Viscosity
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Stress tensor
Relative stress tensor
Feed forward multi-layer NN
Network parameter

Activation function at layer A
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Chapter 4

Concluding Remarks

4.1 Summary of contributions

In this thesis, computationally efficient strategies about two systems are
introduced which can maintain model fidelity but effectively reduce the

calculation time. The major contribution of each Chapter is listed below.

¢ Chapter 2 suggests new algorithm called Block KMC which is ~10
ti 32 times faster than traditional KMC. This algorithm is not
limited to LDPE, and can be applied to any system that satisfies the
following conditions. 1) Steady state system, 2) One reaction is
much faster than the other reactions (e.g. propagation reaction).
This work provides general strategy that can effectively simulate
polymer kinetics and it makes it possible to perform the real time

analysis of polymer reactor system which was very difficult before.

¢ Chapter 3 shows surrogate model development strategy of CFD-
based reactor model using PINN. This is more robust and reliable
model because physical laws are trained together with the data.
This work provides guideline on how to develop a surrogate model
for a reactor system through PINN. For example, how the model
framework is designed for multi-reference frame system, how the

network structure is define, how to define the loss function and
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training methodology for successful learning. With those contents
it will be easier for other researchers to develop the reactor

surrogate model using PINN.

4.2 Future work

As the process advances, the demand for high fidelity models to improve
process efficiency is increasing. However, since the model accuracy and
calculation time are always traded off, the more accurate models are made, the
longer the calculation time takes. In this thesis, computationally efficient
strategies about two reactor system is introduced which can maintain the
fidelity but effectively reduce simulation time. From the first part of this work,
a new methodology that can effectively simulate polymer kinetics was
proposed. This solves the problem that it is almost impossible to consider the
flow and kinetics together because of the high computational load due to the
complex polymer reaction. Therefore, based on the research, it became easier
to simulate a polymer reactor in which both flow and kinetic were considered,
and the effect of flow on the polymer properties can be analyzed for the future
work. From the second part of this work, more robust and reliable reactor
surrogate model is developed through PINN. This model can be implemented
in real time, so it is suitable for performing process optimization. However, for
this work, surrogate model is developed for a single CFD case. The PINN
model which was trained on a single CFD case cannot be implement properly
for different operating conditions without any training for those conditions. It
is expected the model can be extended to a general surrogate model that can
simulate various operating conditions with training on various cases. It is also

expected that the PINN can predict other conditions effectively for the

112



conditions close to the learned operating conditions with higher accuracy than
black-box model. The Ultimate goal is to develop a model that can simulate the
industrial scale process in real time with high fidelity and to perform process

optimization, control and finding optimal design using this model.
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