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Abstract

This thesis addresses the general problem of process modelling and optimisation based
on experimental data that may be physically inconsistent and therefore cannot be
used directly for reliable model development. The main focus is on the use of data
reconciliation to obtain a physically consistent dataset satisfying mass and elemental
balance constraints, which can subsequently be used for the development of process
models.

As a model case, the thesis considers the pyrolysis of polyethylene. Experimental yield
data are first converted to a common mass basis and reconciled by weighted least
squares. The reconciled data are then used to develop product-yield models based on
linear regression and Gaussian Process Regression. Polyethylene conversion is described
using an Arrhenius-type random-scission model, which is implemented together with
the yield correlations in a steady-state CSTR model in gPROMS. The model is then
used for simplified economic optimisation and global system analysis. The results show
that data reconciliation improves the physical consistency of the experimental data
and that the obtained optimum is strongly affected by the residence-time constraint
and by the assumptions of the simplified economic objective.

Keywords: polyethylene pyrolysis; data reconciliation; yield modelling; random-scission
kinetics; Gaussian Process Regression; CSTR reactor model; process optimisation






Abstrakt

Tato diplomova praca sa zaoberd vseobecnym problémom modelovania a optimalizacie
procesov na zaklade experimentalnych udajov, ktoré mézu byt fyzikalne nekonzistentné,
a preto nemusia byt priamo pouzitelné na spolahlivy vyvoj modelu. Hlavny déraz
je kladeny na pouzitie rekonciliacie dat s cielom ziskat fyzikalne konzistentny stubor
tdajov, ktory spliia hmotnostné a elementdrne bilanéné obmedzenia a ktory méze byt
nasledne pouzity na vyvoj procesnych modelov.

Ako modelovy priklad je v praci uvazovand pyrolyza polyetylénu. Experimentalne
udaje o vytazkoch st najprv prevedené na jednotni hmotnostni bazu a nésledne
rekonciliované metédou vazenych najmensich stvorcov. Rekonciliované data st potom
pouzité na vyvoj modelov vytazkov produktov zalozenych na linedrnej regresii a
regresie Gaussoveho procesu. Konverzia polyetylénu je opisand Arrheniovym modelom
nahodného Stiepenia retazcov, ktory je spolu s korelaciami vytazkov implementovany
do ustaleného stavu modelu prietokového reaktora v prostredi gPROMS. Model je
nasledne pouzity na zjednodusenii ekonomicktl optimalizaciu a globdlnu systémovi
analyzu. Vysledky ukazujui, Ze rekoncilidcia dat zlepsuje fyzikalnu konzistentnost
experimentalnych tdajov a ze ziskané optimum je vyrazne ovplyvnené obmedzenim
zadrzného Casu a predpokladmi zjednodusenej ekonomickej tcelovej funkcie.

KTacové slova: pyrolyza polyetylénu; rekoncilidcia dat; modelovanie vytazkov; kinetika
nidhodného Stiepenia; regresia Gaussovho procesu; model CSTR reaktora; procesnd
optimalizécia
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CHAPTER 1

Introduction

In 2015, humans had produced 8.3 billion tons of virgin plastic, of which 6.3 billion
tons became plastic waste [7]. In 2010, 275 million tons of plastic waste were estimated
to be generated, with 4.8 to 12.7 million tons entering the ocean [8]. The global plastic
production continued to increase over years due to the vast application of plastics in
many sectors [I5]. This leads to an urgent need for sustainable end-of-life management
strategies beyond traditional landfilling.

Among the various recovery methods, thermochemical conversion offers a promising
pathway to transform waste plastics into valuable resources. In this context, pyrolysis
represents a relevant process because it converts polymeric material into gaseous,
liquid, and solid products under oxygen-free conditions [2| [I4]. However, the process
is technologically complex and its sustainable operation requires mathematical models
suitable for process analysis and optimization.

A key challenge in polyethylene (PE) pyrolysis modeling is to obtain a reliable and
physically valid process model from experimental data that are imperfect, uncertain
and often not fully consistent with mass and elemental balances.

Recent literature describes plastic pyrolysis not only as a waste-to-energy route, but
also as a chemical recycling pathway capable of producing liquid hydrocarbons, gases,
char, and petrochemical feedstocks from end-of-life plastics [2I], [I9]. The product
distribution is strongly governed by the polymer structure and operating conditions.
In the case of polyolefins such as polyethylene and polypropylene, thermal degradation
proceeds mainly through free-radical chain scission reactions, producing a broad
mixture of alkanes, alkenes, dienes, waxes, and light gaseous hydrocarbons [21], [IT].
Temperature, residence time, heating rate, pressure, catalyst selection, and reactor
configuration are repeatedly identified as key variables controlling the extent of cracking,
secondary reactions, aromatization, coke formation, and the final quality of the pyrolysis
products [21] [19].
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From a process-design perspective, reactor selection and heat-transfer limitations are
particularly important. Fluidized-bed reactors are often considered attractive for
plastic pyrolysis because of their efficient heat and mass transfer, good temperature
uniformity, residence-time control, and scale-up potential [IT], 19]. However, even
under similar feed and temperature conditions, different reactors can lead to different
product distributions due to differences in heating rate, vapor residence time, contact
with solids, and secondary vapor-phase reactions [6]. Recent modelling studies further
emphasize that plastic pyrolysis is controlled by the coupled effect of reaction kinetics
and heat transfer, especially when particle size, external heat supply, and endothermic
reaction effects become significant [20].

These findings show that pyrolysis modelling cannot rely only on simplified stoichio-
metric or empirical descriptions. A useful model should account, at least in simplified
form, for the dependence of conversion and product yields on operating conditions,
while also respecting physical constraints such as mass and elemental balances. This is
especially relevant when published experimental datasets are used for model develop-
ment, because such data may contain measurement uncertainty, inconsistent reporting
bases, or incomplete material closure.

1.1 Objectives and Scope

The main objective of this thesis is to develop and evaluate a modelling framework for
polyethylene pyrolysis that combines kinetic conversion modelling, data reconciliation,
yield modelling, reactor simulation, and simplified process optimization. The work
focuses on the implementation and verification of an Arrhenius-type random-scission
model, preprocessing and reconciliation of published LDPE pyrolysis data, development
of empirical yield models, and implementation of a steady-state CSTR reactor model
in gPROMS.

The scope of the thesis is limited to computational model development and analysis
within the operating range supported by the available experimental data. The reactor
model is formulated as a simplified steady-state CSTR, and the economic objective
includes only product revenue, heating cost, and a recoverable-energy credit from
unconverted polyethylene and char. Detailed reactor design, separation units, compres-
sion, purification requirements, capital costs, and a complete techno-economic analysis
are outside the scope of this work.
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1.2 Thesis Structure

The thesis is organized into five main chapters. Chapter 1 introduces the motivation,
objectives, and scope of the work. Chapter 2 presents the theoretical background of
polyethylene pyrolysis, random-scission kinetics, mass-balance and data-reconciliation
principles, regression methods used for yield modelling, and the formulation of the
steady-state CSTR reactor model, including the product-yield representation, simpli-
fied economic objective, optimization setup, and global system analysis methodology.
Chapter 3 describes the experimental data processing, basis harmonisation, reconcili-
ation procedure, calculation of mass yields, and yield-modelling workflow. Chapter
4 presents and discusses the obtained results, including kinetic model verification,
reconciliation results, yield-modelling performance, reactor optimization, product-
distribution analysis, and global system analysis interpretation. Chapter 5 summarizes
the main conclusions, limitations of the developed modelling framework, and possible
directions for future work.
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CHAPTER 2

Theory

2.1 Pyrolysis Concept

Pyrolysis is the thermal degradation of organic materials in the absence of oxygen [2]
[T4], usually performed at 400-600°C. During pyrolysis, the polymer is heated and
decomposed into smaller molecules, producing gaseous and liquid fractions and, in some
cases, a solid residue [I4]. The gaseous fraction can contain plastic-derived monomers
that can be recovered and used to produce new polymers, as well as hydrogen that can
be used as a reactant in further processing (e.g., hydrogenation) or as a low-carbon
energy carrier. In contrast, heavier hydrocarbons are typically concentrated in the
liquid fraction and can be utilized as fuels.

D

Separated Gas
1 Volatile Product
N Heavier
Heating Heating Compounds

Figure 2.1: Schematic representation of the reactor model.

2.1.1 Thermal Degradation of LDPE

Polyethylene (PE) pyrolysis has been studied using kinetic models and more detailed
mechanistic descriptions. [I3] Experimental studies show that operating conditions,
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especially temperature and residence time, strongly influence the distribution of gaseous,
liquid, and solid products, which motivates predictive yield models for process analysis
and optimization [22]. However, published yield datasets can exhibit imperfect balance
closure and non-negligible experimental uncertainty, which can distort regression or
data-driven modeling if the data are used without preprocessing [22].

2.1.2 Conversion and Interpretation

In this work, the bond-cleavage variable x is interpreted as an internal kinetic state
that describes the fraction of broken polymer links. It is not identical to the overall
mass conversion. The experimentally observable conversion or normalized weight loss is
obtained from x through the random-scission relationship. This distinction is important
because the reactor model uses x to describe the kinetic progress of degradation, while
the mass flows of converted and unconverted polyethylene are calculated from the
corresponding conversion expression.

2.2 Kinetic Description

2.2.1 Random-Scission Mechanism

This model links normalized weight loss «, which describes the normalized mass loss of
volatile compounds, with the bond-cleavage variable x, which represents the fraction
of broken linkages. Both variables take values in the interval [0, 1]: & = 0 denotes no
mass loss and a = 1 denotes complete volatilization, while z = 0 denotes no scission
and x = 1 denotes complete scission.

Bond-cleavage kinetics are given by

dz A E
aT — 5, P <_RT> (1—u=), (2.1)

where A is the Arrhenius pre-exponential factor, F is the activation energy, R is the
dr

gas constant, and St is the heating rate, with 8r = G-

The normalized weight loss « is related to bond cleavage by [22]

- No—L)(L—-1
o= TOTM (g g [1”(())() 7
mo —my NO

(2.2)

where Ny represents the initial number of linkages in the polymeric chain, L represents
the minimal chain length that is not volatile, and mg, m, and m; denote the initial
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sample mass, the sample mass at a given time, and the final residual mass, respectively.
This model provides a reasonable compromise between predictive accuracy and mathe-
matical simplicity, with only A and F as adjustable parameters. More complicated
models such as parallel first-order models can be used for better results.

2.3 Mass Balances and Data Reconciliation

2.3.1 Total Mass Balance and Phase Yields

As mentioned earlier, in an ideal experiment the total mass of products leaving the
reactor equals the mass of input entering the reactor. In practice, measurement errors
lead to imperfect closure; therefore, mass-balance relations are used as physical con-
straints in the subsequent reconciliation step. Ensuring mass-balance closure is essential
because it enforces physical consistency of the dataset, preventing biased parameter
estimates and unreliable predictions in subsequent modeling and optimization. The
mass balance is usually calculated in weight percents (w%) or, in the case of pyrolysis,
it is often also disclosed in carbon yields.

The overall mass balance on a per-experiment mass basis is written as
Min = Mout + AmaCCa (23)

where my, is the total mass of polymer fed to the reactor, mey is the total mass
of all recovered products, and Am,.. denotes the net mass accumulation or hold-up
difference over the experiment. The balance relations are applied as overall closure
constraints on a per-experiment basis. Any net accumulation or hold-up difference is
neglected at this level, i.e.

Amyee = 0. (2.4)

In this work, the outlet stream is partitioned into three phases,
P = {gas, liq, char}, (2.5)

so that the total outlet mass is the sum of phase masses,

Mout = Z Mp out- (26)

pEP
The phase mass fractions w, (dimensionless) are defined by

Mpout = Wp Mout, peP, (27)
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and must satisfy the normalization constraint,

> w,=1. (2.8)

peP

For completeness, product yields are sometimes also reported on a carbon basis. A
generic carbon yield is defined as

Yo (%) = 100 < (2.9)
NCin

where ng is the amount of carbon (in moles) contained in the reported phase or
compound, and nc i, is the total amount of carbon in the input.

2.3.2 Elemental Balance

In addition to total mass closure, the dataset is constrained by elemental conservation.
Let
& ={C,H,0} (2.10)

denote the set of considered elements. For each element e € &, the input mass of
element e must be equal to the total outlet mass of element e:

Me,in = Me out; e€l. (211)

Using inlet elemental mass fractions we i, (dimensionless), the inlet elemental masses
are
Me,in = We,in Min, e€f. (212)

On the outlet side, the elemental mass is the sum over phases:
Me,out = Z Me p,outs ecf. (213)
peEP

Defining we , as the mass fraction of element e within phase p, we write
Me pout = We,p Mp outs ecé, peP. (2.14)

By definition, the elemental fractions within each phase satisfy
Y wep=1, peP. (2.15)
ecf

Combining the above relations yields the compact elemental-balance constraint used
in reconciliation:

We,in Min = Z We,p Mp out eecf. (2.16)
peEP



2.3 Mass Balances and Data Reconciliation 17

2.3.3 Weighted Least-Squares Reconciliation Principle

Based on the total mass and elemental balance constraints introduced above, data
reconciliation can be formulated as a constrained optimization problem. The measured
variables are collected in the vector z™¢*  while the corresponding reconciled values

are denoted by z"°. The weighted least-squares reconciliation problem is written as

2
Nz rec __ ,Ineas
o (75 — 2)
min J =

¢ 2
Zrec o2
j=1 J

: (2.17)

subject to the total mass balance, elemental balance, phase closure, species closure,
and other physical constraints introduced in the previous sections. Where required,
the reconciled variables are also constrained to be non-negative:

2" > 0. (2.18)

In Equation , 27" denotes the measured value of the j-th variable, while

;% denotes its reconciled value. The index j = 1,...,n, runs over all variables

included in the reconciliation, where n, is the total number of reconciled quantities.

The parameter o; represents the assumed standard deviation of the corresponding

measurement. Therefore, the weighting coeflicient assigned to variable j is defined as
1

Aj=— (2.19)

5
g;

The weighting coeflicient controls how strongly a deviation from the measured value is
penalized. Measurements with lower uncertainty have smaller o, and therefore receive
larger weights. As a result, these values remain closer to the reported experimental
data during reconciliation. In contrast, measurements with higher uncertainty are
assigned smaller weights and can be adjusted more significantly in order to satisfy the
imposed balance constraints.

In this work, measurement errors are assumed to be uncorrelated. Therefore, the
weighting is applied component-wise, which is equivalent to using a diagonal weight
matrix. In matrix form, the objective function can be written as

J — (zrec _ ZmeaS)T A (ZTEC _ Zmeas) , (220)
where
1 1 1
A =di S, ey | - 2.21
s (7 ) (221)
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When complete uncertainty information is not available, approximate uncertainty values
are assigned in order to preserve the relative reliability of the individual measure-
ments. This approach allows the reconciled dataset to satisfy the physical constraints
while remaining as close as possible to the measured data according to the assumed
measurement reliability.

2.4 Regression Methods for Yield Modelling

2.4.1 Linear Regression

The simple linear regression model relates a single regressor u to a response y through
a straight line,
y =00+ 01u+e, (2.22)

where the parameters 6, and 6, are regression coefficients. The intercept 8y and the
slope 6; represent unknown constants, and e stands for the random error component.
The errors are assumed to have mean zero and unknown variance o2. Additionally,
we usually assume that the errors are uncorrelated, meaning that each error term is
independent of the others.

In the following, the regressor w is treated as known with negligible measurement
error, assuming a reliable control system that maintains the prescribed experimental
conditions. The response y is therefore modelled as a random variable; for each fixed
u, y has a conditional distribution with mean

E(y ‘ u) =0y + 61 u. (2.23)

If the regressors were measured with non-negligible error, an errors-in-variables regres-
sion approach would be more appropriate.

The conditional variance of y is given by
Var(y | u) = Var(6y + 61u + ) = 0. (2.24)

Thus, the mean of y is a linear function of u, although the variance of y does not
depend on the value of u. Furthermore, because the errors are uncorrelated, the
responses are also uncorrelated.

These coefficients have a simple and often useful interpretation. The slope 6, is the
change in the mean of the distribution of y produced by a unit change in w. If the
range of data on u includes u = 0, then the intercept 0y is the mean of the distribution
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of the response y when u = 0. If the range of u does not include zero, then 6, has no
practical interpretation [9].

The parameters 6y and 61 are unknown and must be estimated by using the least-squares
method, where N pairs of data are obtained experimentally,

yr =0+ 01u, +,., r=12,..., Nops. (2.25)

The objective function is formulated as a least-squares criterion

Nobs

S(6o,01) = Z (yr — 0o — O1u,)”, (2.26)

r=1

and subsequently minimized. The minimization yields the first-order optimality

conditions N
aS obs R R
v = -2 Ypr — 90 - Glur = 0, (227)
890 60,61 Tz:; ( )
and N
aS obs R .
— = -2 yr — 0o — O1u, ) up = 0. (2.28)
591 60,01 ; ( )

These forms of the equation can be simplified into least-squares normal equations,

Nobs Nobs
Nobseo + 91 Z Ur = Z Yr, (229)
r=1 r=1
and
Nobs Ngbs Nobs

0y Z uy + 0 Z u,2 = Z Yty (2.30)
r=1 r=1 r=1

The solution to the normal equations is

0o = § — 611, (2.31)

and N N

Nove o (oo we) (300 wr)
D D o T Nove

91 == (ZNOb: : )2 (232)

R

The last two equations represent averages of the given variables,
1 Nobs 1 Nobs

g = y’l‘7 ﬂ - ur~ 2.33
Nobs E Nobs Z ( )
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The estimators éo and 6, are the least-squares estimators of the intercept and slope,
respectively. The fitted simple linear regression model is then

§ =0y + 0, u. (2.34)

This equation gives a point estimate of the mean of y for a particular u. It can be
simplified and put into more compact form by defining

Nobs (Zi\fj*{ UT)Q Nobs
Suw =Y _ ul— ? = (u, —w)?, (2.35)
r=1

bs —1
and
Nobs (Ziv:‘ﬂf yr) (ijl’ﬁ ur) Nobs
Suy = Z YrUy — N = Z yr(ur - ﬂ), (236)
r=1 obs r=1
so that S
b= (2.37)

The difference between the observed value y,- and the corresponding fitted value g, is
a residual. Mathematically, the r-th residual is

6r =Yr —r =yr — (0o + O1uy),  7=1,2,..., Nobs. (2.38)

The regression model used in this thesis is a multiple regression model that is an
extension of the simple regression model. The multiple regression model contains more
than one regressor variable and usually describes a plane (the two-regressor case) or a
higher-dimensional object (the n,-regressor case),

y =0y + 61u1 + Ous + ¢, (2.39)

Yy = 90+91’UJ1 +6’2u2+-~~+9nuunu +€7 (240)

and, for N,ps observations,

zn
Yr = 90+01ur1 +92ur2+' : ‘+9nuurnu+€r = 00+Zeju7“j+57’7 r= ]-7 23 ceey Nobs'
Jj=1

(2.41)

The parameters are once again estimated using the least-squares function

2
Nobs Nobs Ny

S(00,01,. .., 0n,) = > 7= |yr—00—> Ojuy | . (2.42)
r=1

r=1 j=1
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The function S must be minimized with respect to 6y,601,...,0,
estimators 6y, 61, ...,0,, must satisfy

.- The least-squares

oS o
— :—22 Yy —00—29 urj | =0, (2.43)
% 14.6,....0,,

Nobs Ny
oS A

:_QZ y7_90_20ju7'] u7]:0a j:1a27- s My
89 00,01 ,4...,0n,, r=1 j=1
(2.44)

The corresponding normal equations can be written in expanded scalar form,

Nobs Nobs Nobs Nobs

obseo + 91 Z Url + 92 Z Ur2 + -+ enu Z Urn, = Z Yr, 2 45

r=1 r=1
Nobs Nobs Nobs Nobs Nobs

90 Z Upr1 + 91 Z url + 02 Z Up1Upg + + nu Z Ur1Urn, = Z Ur1Yr,

(2.46)

Nobs Nobs Nobs

90 Z Uprn, + 91 Z Upn, Url + 92 Z Upn,, Ur2 + -

Nobs

Z Urn, Yr-

- (2.47)

Nop
E: rnu

This form of notation is complicated for further use, so it is more convenient to
use matrix notation and solve it afterwards. The response vector, regressor matrix,
parameter vector, and error vector are defined as

Y1 0o €1
Y2 0, €9
y = b 6 = ) E - b
YNobs enu € Nobs
(2.48)
1 un U12 Uln,
1wy U2 U2p,
U p—
L ung1 N2 UN e,
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The multiple linear regression model is then expressed as

y=U6+e¢. (2.49)

In general, y is an Nops X 1 vector of the observations, U is an Nyps X (n,, + 1) matrix
of the regressor values, 0 is an (n, + 1) x 1 vector of the regression coefficients, and e
is an Ngps X 1 vector of random errors.

We aim to find the vector of least-squares estimators 0 that minimizes

Nobs
S@O)=> cl=c'e=(y-U6)"(y-U0). (2.50)

r=1

Note that S(0) may be expressed as

S@)=y'y—-0"U'y—y'Us+0"UUS
T Ty7T Ty1T (2.51)
=y y—20' U y+6 U U@,

since @' UTy is a 1 x 1 matrix (a scalar) and its transpose (8 TUTy)" =y U@ is the
same scalar.

The least-squares estimators must satisfy

08

—| =—2U"y+20"TUd =0, (2.52)
a0 |4
which simplifies to
U'ug=0u'y. (2.53)
The closed-form solution is
6=U'u)'u'y. (2.54)

The parameter estimation of the multivariable model follows standard regression
methodology as presented in Montgomery et al. [9]. A fundamentally similar approach
is presented by Fikar and Mikles [5] in the field of system identification, where the
procedure is referred to as the identification of static models. Both methodologies rely
on the minimization of a quadratic objective function, leading to the same matrix-based
solution for the estimated coefficients.
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2.4.2 Gaussian Process Regression (GPR)

Gaussian processes are a simple and general class of models of functions [3]. A Gaussian
process is any distribution over functions such that any finite set of function values
has a joint Gaussian distribution. A Gaussian process model, before conditioning on
data, is completely specified by its mean function:

E[f(w)] = p(u), (2.55)
and its covariance function, also called the kernel:
Cov([f(u), f(u')] = k(u,u). (2.56)

There are many possible choices of covariance function, and we can specify a wide
range of models just by specifying the kernel of a Gaussian process. For example, linear
regression, splines, and Kalman filters are all examples of Gaussian processes with
particular kernels. However, these are just a few familiar examples out of a wide range
of possibilities. One of the main difficulties in using Gaussian processes is constructing
a kernel which represents the particular structure present in the data being modeled.

The crucial property of Gaussian processes that allows us to automatically construct
models is that we can compute the marginal likelihood of a dataset given a particular
model. The marginal likelihood allows one to compare models, balancing between the
capacity of a model and its fit to the data.

A flexible way to model functions having more than one input is to multiply together
kernels defined on each individual input. For example, a product of Squared Exponential
(SE) kernels over different dimensions, each having a different lengthscale parameter,
is called the ARD Squared Exponential kernel:

Ny, )2 1 & o — U2
kSE ARD u, U. J%H <_£2d)) = 0‘]% exp<_2z(‘i£2(i)> .
d=1 d d

d=1
(2.57)
ARD stands for automatic relevance determination, so named because estimating
the lengthscale parameters ¢1, (s, ..., ¢,, implicitly determines the relevance of each

dimension. Input dimensions with relatively large lengthscales imply relatively little
variation along those dimensions in the function being modeled. [3]

2.4.2.1 Kernel Functions

The choice of the covariance function, or kernel, is a fundamental aspect of Gaussian
Process Regression, as it defines the prior assumptions about the shape and smoothness
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of the modeled function. In practice, ARD variants of common kernels can be used.

The scaled distance between two input vectors u and u’ in an ARD context is defined
as

(2.58)

where ¢4 represents the characteristic lengthscale for the d-th input dimension. The
following kernels are available in the fitrgp function that is part of the MATLAB
Statistics and Machine Learning Toolbox:

e ARD Squared Exponential: Assumes the process is infinitely differentiable,
resulting in very smooth curves:

1
ksg(u,u’) = UJ% exp (—2;)2) . (2.59)

o« ARD Exponential: Also known as the Matern 1/2 kernel, it represents a less
smooth, more stochastic process:

kexp(u,u’) = 07 exp(—p). (2.60)

o ARD Matern 3/2 and 5/2: These kernels offer a balance by being once or
twice differentiable, respectively. They are often preferred for physical processes:

Fuiaa(u, ) = 03(1 + V3p) exp(—v3p), (2.61)
! 2 5 2
kuvs2(u,u') = o (1 +V5p + 37 ) exp(—V5p). (2.62)

« ARD Rational Quadratic: Acts as an infinite mixture of Squared Exponential
kernels with different lengthscales, suitable for modeling multi-scale variations:

p2 —ORQ
kRQ(u, u/) = 0']2c (1 + 2aRQ> . (2.63)

The performance of the GPR model is governed by its hyperparameters: the signal
variance JJ%, the noise variance o2, and the individual lengthscales /4. These parameters
were optimized during the training phase to minimize the negative log-marginal
likelihood.
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2.4.2.2 Evaluation Metrics for Model Comparison

To quantitatively assess the predictive performance of the developed models and to
facilitate a rigorous comparison between linear regression (plane fit) and Gaussian
Process Regression, two primary statistical metrics were employed: the Root Mean
Square Error (RMSE) and the Coefficient of Determination (R?).

The Root Mean Square Error is a measure of the average magnitude of the prediction
errors. It is particularly useful in chemical process modeling as it maintains the same
units as the response variable (yield %), providing a clear indication of the model’s
precision. According to Montgomery et al. [9], RMSE penalizes larger outliers more
heavily, which is desirable when high deviations in yield prediction are critical. It is
defined as

Nobs

> e — )2 (2.64)

r=1

RMSE =

N, obs

where ¥, represents the experimental response, ), is the predicted value, and Ny is
the number of observations.

The Coefficient of Determination, denoted as R?, represents the proportion of the
variance in the dependent variable that is predictable from the independent variables.
As discussed by Fikar and Mikle$ [5] in the context of model identification, R? provides
an intuitive measure of the goodness-of-fit:

Nobs ~
SSrcs - 11— Zr:? (y7 B y7')2

RZ=1-22% = ,
SStot Zivzoliq (yr — )2

(2.65)

where 5SS, is the sum of squares of residuals and S.S;.; is the total sum of squares
proportional to the variance of the data.

While R? indicates the global strength of the linear or non-linear relationship, RMSE
provides a direct measure of the absolute fit in terms of yield percentage. The
combination of these metrics allows for a comprehensive evaluation: a high R? coupled
with a low RMSE indicates a model capable of accurately capturing the observed yield
trends within the investigated operating window.
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2.5 Reactor Model Development

2.5.1 Application of Kinetics to Reactor Modelling

The reactor model developed in this work applies the kinetic and random-scission
concepts described in the theoretical part to a continuous stirred-tank reactor (CSTR)
formulation. In the reactor model, an enhanced two-term Arrhenius formulation based
on Zhao et al. [22] is used, since the parallel kinetic model was shown to describe
polyethylene pyrolysis more accurately than the single-step formulation.

The main variable of the kinetic state is the fraction of broken links, denoted as z.
This variable describes the extent of bond cleavage in the polyethylene chain. At z = 0,
no polymer bonds are considered to be broken and the polymer chain remains in its
initial state. At x = 1, complete bond scission is assumed in the model, meaning
that all relevant linkages have been broken. Intermediate values 0 < x < 1 therefore
represent partial degradation of the polymer chain.

In the reactor model, = is used as an internal kinetic variable that determines the
progress of thermal degradation. The overall mass conversion of polyethylene is not
taken directly as x, but is calculated from x using the random-scission conversion
relationship introduced below.

The temperature dependence of the reaction rate is represented by two Arrhenius-type
kinetic terms [22],

FE
k1 = Ay exp (_le’) , (2.66)
and .
=A 2 2.
ko 2 €Xp ( RT) , (2.67)

where A; and A, are pre-exponential factors, 1 and Es are activation energies, R is
the universal gas constant, and T is the reactor temperature. The total kinetic rate of
bond cleavage is then written as

Pin = (k1 + k2)(1 — ). (2.68)

Following the random-scission interpretation introduced in Section 2:2.1] the CSTR
state balance for the bond-cleavage variable x is formulated as

d 1

d—:; = ;(xin — ) + Tkin, (2.69)
where x;, is the inlet value of the bond-cleavage variable and 7 is the mean residence
time. The term (zi, — x)/7 represents the effect of continuous flow through the CSTR
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on the intensive state variable x, while 7y, represents the kinetic increase of bond
cleavage due to thermal degradation. In steady-state simulations, the time derivative
is equal to zero, but the same state-balance structure is retained in the model.

The residence time is calculated from the reactor volume and inlet volumetric flow
rate,

\%4
T= =, 2.70
T (2.70)
where the inlet volumetric flow rate is obtained from the inlet mass flow rate and inlet
density, )
. ms
Vip = —. (2.71)
Pin

The bond-cleavage variable z is subsequently transformed into the overall conversion
using the chain-depolymerization /random-scission relationship originally introduced by
Simha and Wall [16] and later used in the polyethylene pyrolysis modelling framework
of Zhao et al. [22]. The implemented conversion relation is

(No — L)(L—=1)

=1-(1-z)F11
! (1-2) +x No

(2.72)

Here, Ny is the initial number of linkages in the polymer chain and L is the minimum
length of a non-volatile fragment. The conversion is used to divide the inlet polyethylene
mass flow into converted and unconverted parts,

mconv == minaa (273)
and
mPELunconv = min(l - Oé). (274)
The carbon flow in the inlet is calculated from the inlet mass flow rate and the carbon
mass fraction of polyethylene,
Me,in = W, PE Min- (2.75)

The parameter we pr denotes the carbon mass fraction of the polyethylene feed.

2.5.2 Steady-State Model Assumptions

The reactor model is based on several simplifying assumptions. The reactor is considered
an ideal continuous stirred-tank reactor with perfect mixing. Therefore, the outlet
composition is assumed to be equal to the composition inside the reactor. The reactor
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is operating in steady state, which means that accumulation terms are neglected in
the final optimization problem.

The reactor temperature is assumed to be uniform and is treated as a decision variable.
Heat losses to the surroundings are not explicitly modelled. The energy demand is
represented by a simplified heat-input term Q;,, which includes sensible heating of
the inlet polyethylene stream, rmincp pr(T — Tin), the melting enthalpy contribution,
MminAh pg, and an approximate reaction enthalpy contribution, mconv AR, PE.

A constant heat capacity of polyethylene was used in the heating calculation. The
value used in the model,
cppE = 2092 Jkg P KT (2.76)

was selected as an approximate engineering value of the same order as reported
polyethylene thermal-property data in the AFWL study of plastics and related materi-
als [I]. The melting and reaction enthalpy contributions were represented by constant
approximate values taken from Netsch et al. [10],

Ahppp = 142 x 10* Jkg ™, Ahppr =473 x 10° Jkg™'. (2.77)

With the sign convention used in the model, both enthalpy terms increase the required
heat input. This approximation neglects the temperature dependence of heat capacity
and represents melting and reaction effects only through constant lumped enthalpy
terms.

The product distribution model also uses simplified assumptions. Only selected
products were explicitly represented: CHy, CoHy, CoHg, C3Hg, C3Hg, C4Hg, C4Hig,
C4H6, 0511127 HQ, and char.

The economic evaluation is limited to operating terms included in the model. Product
revenue, heating cost, and a credit for recoverable energy from the polyethylene-like out-
let stream and char are considered. Capital costs, separation costs, compression costs,
catalyst costs, labour costs, and product purification costs are not included. Therefore,
the calculated profit should be interpreted as a simplified process-performance indicator
rather than a complete techno-economic analysis.

2.5.3 CSTR Model Formulation in gPROMS

The reactor model was formulated in gPROMS ModelBuilder, a process-modelling
environment used for the mathematical formulation, simulation, and optimization of
process systems [12]. In this work, gPROMS was used to implement the steady-state
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CSTR model, solve the model equations, and perform process optimization and global
system analysis.

The random-scission relationship is used in the reactor model to describe how the
converted part of the polyethylene feed is distributed into shorter chain fragments.
Following Zhao et al. [22], the carbon-yield contribution of a chain fragment containing
g monomer units is expressed as

¢y = gz*(1 —2)97 1, g=1,2,...,10. (2.78)

The variable ¢, represents the relative carbon-yield contribution of fragments of size g.
The index g denotes the number of monomer units in the chain fragment, and z is the
fraction of broken linkages introduced in Section [2.2.1] Only the first ten fragment
sizes are represented explicitly in the model, because the reactor model focuses on the
light product range used later in the yield and economic calculations.

The explicitly represented fragment contributions are summed as

10
¢sum = Z ¢g~ (279)
g=1

The remaining part of the distribution is calculated as
Grest = max(0,1 — Pgum)- (2.80)

The term ¢,qs; represents the part of the converted material that is not assigned to
the explicitly represented fragment range.

The random-scission distribution is applied only to the converted part of the feed. The
converted carbon flow is calculated as

mC’,conv = mC,inO‘- (281)

The variable o denotes the overall conversion obtained from the random-scission
conversion relationship.

The carbon flow assigned to fragment size g is then calculated as

mC,g = ¢ng,Conv~ (282)

This formulation ensures that the product distribution is generated only from the
converted carbon flow, while the unconverted part of the polyethylene feed remains
outside the product-distribution calculation.
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In the steady-state model, reactor temperature and inlet mass flow rate are treated
as time-invariant variables. These variables affect the kinetic rate, residence time,
conversion, product distribution, and therefore also the economic objective used later
in the optimization.

2.5.4 Representation of Product Yields in the Model

The product-yield representation builds on the random-scission formulation introduced
in the previous section. The random-scission model provides carbon-based fragment
contributions, whereas the empirical yield correlations obtained from the processed and
reconciled dataset are used to distribute these contributions among selected chemical
species. The experimental basis for the product-yield modelling comes from the
polyethylene pyrolysis data of Zhao et al. [22].

The empirical yields were implemented as linear functions of temperature and residence
time. The temperature was converted from Kelvin to degrees Celsius,

Te =T —273.15. (2.83)
For each product s, the empirical mass yield was written in the general form
Y;emp = 90,5 + GT,STC + 07-,57'. (284)

To avoid negative yields outside the local validity of the linear correlations, all empirical
yields were clipped to non-negative values:

}/Semp = maX(O, 90,5 + GT,STC + HT,ST)' (285)

Here, Y ™P denotes the empirical mass yield of product s, 8y s, 07 5, and 6, 5 are the
fitted coefficients, T¢ represents the reactor temperature in degrees Celsius, and 7
denotes the residence time.

Since these empirical yields describe the total mass of the corresponding compounds,
they were first converted to a carbon basis. For a carbon-containing product s, the
carbon-based empirical yield was calculated as

MC,s
)

Voo = vomr
C, s M,

(2.86)
where M, is the molar mass of product s, and M¢ , represents the mass of carbon
contained in one mole of that product. For example,

v em 24
Yecon, = Yo

ot 5 (2.87)
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and 12

Yoon, = Yl 16 (2.88)

The quantities 17075 therefore serve as carbon-based weighting factors derived from the

empirical yield correlations.

In the random-scission formulation, the index g denotes the number of polyethylene
monomer units in a fragment. Since one polyethylene monomer unit contains two
carbon atoms, the contribution ¢, corresponds to the Cs group, while ¢5 corresponds
to the Cy group. These group-level contributions were then distributed among the
selected compounds using the carbon-based empirical yields.

The C5 group was divided between ethylene and ethane. The sum of the carbon-based
empirical yields in this group was defined as

ZeCn;p = ?C,CszL + FYVVC,CQHF (289)
The carbon-based yield assigned to ethylene was calculated as

Y,
Yo,coHy = ¢1 ;;21547 (2.90)

and the corresponding contribution of ethane was obtained from

Y,
Ye,cone = 1 CE;EG. (2.91)

The variable 1c s represents the final carbon-based yield assigned to product s after
combining the random-scission group contribution with the empirical yield ratio.

Analogously, the C4 group was divided between butene, butane, and 1,3-butadiene.
The carbon-based empirical yield sum for this group was written as

Eemp }N/C’C4H8 + ?C,CALHHJ + }N/C,C4H6' (292)

The individual carbon-based yields were then evaluated as

Vo,citg = P2 2513587 (293)
Y,
Vo, = ¢2%7 (294)
and
Y,
Yooty = 62 051356. (2.95)

C’4
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The remaining selected hydrocarbons were calculated by empirical ratios relative to
chemically related products that had already been obtained from the Cy or C4 group
allocation. Methane was calculated using ethane as the reference compound:

Yo cn,

Ye,on, = Yo,cong = - (2.96)
C,CaHg

Propene was calculated using butene as the reference compound,

i}C,Cr Hg
wC,CgHG == wC,C4HS~7367 (2.97)
C,C4Hg

and propane was calculated using butane as the reference compound,

Yo,0H
’(/)C7CSH8 = ’(/}C7C4H10#' (298)
C,C4Hio
This step preserves the relative empirical trends between selected compounds while
keeping the main carbon allocation tied to the random-scission distribution.

After the final carbon-based product yields had been obtained, the converted carbon
flow defined in the previous section was used to calculate the amount of carbon assigned
to each product:

mC,s = wC’,smC,conv- (299)
Here, 1, s denotes the carbon mass flow contained in product s, and 7h¢ cony is the
converted carbon mass flow.

The carbon mass flows were subsequently converted back to total product mass flows
using the corresponding molar-mass ratios:

M,

Ne = Me.s—0r. 2.100
m me, Mo ( )
For example,
. . 16
mcH, = MC,CH, 75 (2.101)
12
and 0
me,H, = Me,c, (2.102)

Higo
Thus, the product calculation first assigns carbon to individual compounds and then
converts the carbon flow into the corresponding total compound mass flow.

Hydrogen was treated separately because it does not contain carbon and therefore
cannot be obtained from a carbon-based random-scission allocation. Its mass flow
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was calculated using ethane as the reference compound. Since the ethane mass flow
had already been obtained from the carbon-based calculation, hydrogen was evaluated
from the empirical mass-yield ratio:

I i .
My, = MCyHe yemp - (2.103)
CQHG

In this expression, Yjy"" and Y}y, represent the empirical mass yields of hydrogen

and ethane, respectively.

Char was calculated by a ratio-based empirical relation using ethane as the reference
compound:
emp

. . h
Mchar = TMCyHg Y‘én?f) . (2104)
CoHg

In this expression, Y3 '¥ and Y|} represent the empirical mass yields of char and

ethane, respectively.

The set of explicitly calculated hydrocarbon products is defined as

H = {CHy, CoHy, CoHg, C3Hg, Cs3Hg, C4Hg, C4Hyg, C4Hg, C5Hyo ) (2.105)

The total explicitly calculated product stream was then obtained by summing the
mass flows of all calculated products:

Tprod.exp = D Ms + M, + Tchar- (2.106)
SEH

Here, mprod,exp denotes the total mass flow of explicitly calculated products, and H
represents the set of explicitly calculated hydrocarbon products.

The total converted mass flow was calculated from the overall conversion as
Meony = Min Q. (2.107)
The genuinely unreacted part of the polyethylene feed was therefore expressed as
TMPE, unconv = Min — Mconv- (2.108)

The variable M pg unconv represents the unreacted polyethylene stream.

The difference between the converted mass flow and the explicitly calculated product
stream represents converted material that was not assigned to the selected products:

Mrem = Meonv — mprod,exp- (2109)
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The variable 1,e, denotes the unassigned converted material. This material is at-
tributed mainly to higher hydrocarbons that were not described individually in the
simplified product representation.

For the following model calculations, this unassigned converted material was treated
using polyethylene properties. The stream carried forward with polyethylene properties
was therefore written as

m;E = mPE,unconv + mrem- (2.110)

The superscript (*) indicates that this stream is not pure unreacted polyethylene, but
a modelling approximation consisting of unreacted polyethylene and the unassigned
converted material.

2.5.5 Economic Evaluation and Process Optimization

The economic part of the model was added to evaluate how operating conditions
influence the simplified profitability of the reactor. The objective function combines
three main contributions: product value, heating cost, and a credit for recoverable
energy from the polyethylene-like outlet stream and char.

The economic model was evaluated at steady state. Therefore, the main economic
quantity used in optimization was the profit rate, expressed in EURs™!. The total
profit over the selected operating time t,, was also calculated as

Mgur = HEurtoep- (2.111)

2.5.5.1 Wholesale Price Data for Products and Energy

The product price data were collected as approximate wholesale price indicators from
the Echemi database [4]. Where available, values corresponding to Northwest Europe
were preferred; otherwise, available China-market price data were used. Since these
prices are market-dependent and time-dependent, they are used only as approximate
values for the simplified economic objective. The originally collected product prices
were reported in USD/kg and were converted to EUR/kg using a fixed conversion
factor of 1 USD = 0.85 EUR.

The price ranges used in the model are summarized in Table 2.1} For compounds
where a minimum and maximum value were available, the average value was used in
the economic calculation.
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Table 2.1: Product price values used in the simplified economic model.

Product Price used in model
CHy4 0.85-1.02 EUR /kg
CoHy 3.40-5.10 EUR /kg
CoHg 0.85-0.98 EUR /kg
CsHg 2.55-4.25 EUR /kg
CsHg 2.55-3.40 EUR /kg

C4Hg 1.24 EUR /kg
C4Hyy  2.98-3.40 EUR/kg
C4Hg 1.33 EUR/kg
H, 0.85-0.89 EUR/kg

The electricity and natural gas prices were taken from the official SPP price documents
for firms and organizations [I8] [I7]. The values implemented in the model were

cel = 0.10896 EUR /kWh, (2.112)
and
cng = 0.04921 EUR /kWh. (2.113)
Representing EUR/J:
Cely = 3.0267 x 1078 EUR/J, (2.114)
and
Cng.g = 1.3669 x 10°® EUR/J. (2.115)

The model uses the average of the electricity and natural gas energy costs as a simplified
heating-cost coeflicient,

1
Cheat,] = (Cel,g + Cng,3) - (2.116)

2.5.5.2 Profit Function Formulation

The simplified profit rate is defined as

Mgur = REUR — Cheat,BUR + Cuaste. EUR, (2.117)

where REUR is the product revenue rate, C'heat,EUR is the heating cost rate, and

Ciaste,EUR i the waste-heat credit rate. The profit function is intentionally simplified.
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It is used to compare operating points and identify economically favourable regions of
the operating space. It is not intended to represent a complete industrial economic
analysis.

Heating Cost Term

The heat required to raise the inlet polyethylene stream from the inlet temperature to
the reactor temperature is calculated as

Qin = Min [cp pe(T — Tin) + Ahf pp] + Meonv A g pE. (2.118)

The parameter ¢, pg [1] represents the heat capacity of polyethylene, Ahypg [10]
denotes the enthalpy of melting, and Ahg pg [10] represents the reaction enthalpy of
polyethylene pyrolysis. The converted polyethylene mass flow is denoted by rhcony-
Since ¢, pe(T — Tin), Ahs pr, and Ahg pg are expressed on a mass basis, the resulting
heat input rate is obtained in Js~1.

The corresponding heating cost rate is

Cheat, EUR = Cheat,J@in- (2.119)

As discussed above, this term represents a simplified heat-input estimate including
sensible heating, melting enthalpy, and an approximate reaction enthalpy contribution.
The formulation should therefore be interpreted as an engineering approximation rather
than a detailed heat-balance model.

Waste Heat Term

The model includes a simplified credit for recoverable energy from the polyethylene-
like outlet stream and char. The polyethylene-like stream, denoted as mpy, consists
of unreacted polyethylene and the unassigned converted material introduced in the
product-yield formulation.

The recoverable heat rate from this polyethylene-like stream is calculated as

Qwaste,PE = nwastem;EAhcomb,PEa (2-120)

where 7yaste iS the assumed energy recovery efficiency and Ahcomp,pr denotes the
positive heating-value-type energy content assigned to the polyethylene-like material.
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The recoverable heat rate from char is calculated as

Qwaste,char = ncharmcharAhcomb,charv (2121)

where 7cphar is the assumed char energy recovery efficiency and Ahgomb char denotes the
positive heating-value-type energy content of char.

In this formulation, Ahcompb,pE and Ahcomb,char are expressed in J kg~!. They are used
as recoverable-energy coefficients in the economic objective, not as thermodynamic
reaction enthalpies with a negative combustion sign convention.

The total recoverable heat rate is therefore

Qwaste,total - Qwaste,PE + C?waste,char (2122)

The corresponding energy credit is calculated as

Cwaste,EUR = cheat,JQwaste,totaL (2123)

This term should be interpreted as a simplified utility credit. In a real process, the prac-
tical recovery of this energy would depend on combustion efficiency, heat integration,
equipment limitations, product composition, and environmental constraints.

Product Value Term

The product revenue is calculated from the mass flow rates of selected valuable products
and their assumed wholesale prices. In EUR, the revenue rate is

> . prod . prod . prod . prod
Reur = MCH4CcH, + Mmc,H, el : + MCyHeCo,H, + Mc;Hg CCsHe

. prod . prod . prod . prod
+ MCaHsCo g T MCaHSCO, 1, T MCa 10, H,e T TCaH6CO, Hy (2.124)

. prod
+ mHZ CHQ

Hydrogen was formally included in the product-value term through its market price.
However, because hydrogen is not allocated through the carbon-based random-scission
distribution, its mass flow is determined separately from the remaining converted mass
after hydrocarbon allocation.

Pentane, char, carbon monoxide, and the polyethylene-like outlet stream were not
included as direct product-revenue terms in the implemented objective function. The
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polyethylene-like outlet stream and char influence the objective only through the
waste-energy credit.

2.5.5.3 Decision Variables

The steady-state optimization used two time-invariant continuous decision variables:
the reactor temperature 7' and the inlet mass flow rate m;,. The residence time was
not optimized directly, but was calculated from the inlet mass flow rate, reactor volume,
and inlet density.

Temperature

The reactor temperature 7" was selected as a decision variable because it directly affects
the Arrhenius kinetic terms, the bond-cleavage variable x, the conversion, and the
empirical yield correlations. In the optimization setup, the temperature was bounded
as

673.15 K < T < 873.15 K. (2.125)

Residence Time

The inlet mass flow rate was treated as a decision variable with bounds
0.05 kgs™! < 1y < 0.20 kgs™ 1. (2.126)

The residence time was calculated as

Y (2.127)

Min

In addition to the bounds on 7hy,, the residence time was constrained directly by
endpoint inequality constraints:

10s <7 <20s. (2.128)
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2.5.5.4 Steady-State Optimization Problem

The steady-state optimization problem can be summarized as

max Ilpur, (2.129)

sMMin

subject to the CSTR model equations, product-yield equations, economic equations,
decision-variable bounds, residence-time bounds, and non-negativity constraints on
the relevant product mass flow rates.

The main constraints imposed in the optimization were

673.15 K < T < 873.15 K, (2.130)
0.05 kgs™! < 7y, < 0.20 kgs !, (2.131)
10s<7<20s, (2.132)
and
e >0 (2.133)

for all selected product mass flows.

The optimization was solved in gPROMS as a steady-state optimization problem. The
numerical results of the optimization are presented and discussed in Chapter [4]

2.5.6 Global System Analysis

A global system analysis was performed to evaluate the behaviour of the reactor model
over a wider range of operating conditions. The analysis varied the inlet mass flow
rate and reactor temperature as sampled factors. Both variables were treated as
time-invariant continuous quantities. The main responses included product mass flow
rates, residence time, the polyethylene-like remaining mass flow rate, and the profit
function.

The sampled factors were the reactor temperature T and the inlet mass flow rate my,.

The residence time was calculated from the sampled inlet mass flow rate according to

_ Vpin
min

T (2.134)

The GSA results were exported and post-processed in MATLAB. Since the model
output was sampled in terms of T" and 7y, the calculated residence time 7 was used
to construct two-dimensional response surfaces in the T-7 plane.
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CHAPTER 3

Data and Methods

This chapter describes the datasets used in this work and the practical implementation
steps for (i) implementing and validating the conversion-level model for PE thermal
degradation, (ii) formulating and solving the yield data reconciliation problem using
weighted least squares under balance constraints, and (iii) modeling the reconciled
yields as functions of temperature and residence time using a baseline linear regression
model and Gaussian Process Regression (GPR), including a comparison across kernel
choices.

3.1 Experimental Data Processing in MATLAB

Two types of information are used: (i) conversion-related data used for verification
of the primary-pyrolysis kinetic model, and (ii) a published yield dataset containing
phase fractions and gas-phase composition, used for reconciliation and subsequent
yield modelling. The used dataset was published by Zhao et al. [22].

For the yield dataset, the reported quantities are expressed using different definitions
and units:

o Phase fractions (gas/liquid/char) are reported as mass fractions (w%).

o Gas composition (individual gas species) is reported as carbon yield (C-
yield%), i.e., the distribution of inlet carbon among individual gaseous products.

e Hydrogen is reported separately as vol% in the gas phase.

The dataset contains neyxp, = 6 operating points. The operating window covers T = 500
600 °C and residence times 7 of approximately 12—21 s. The available measured gas
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species are: CH4, CQH4, CQH@, C3H6, CgHg, C4H87 C4H10, C4H6 (1,3—butadiene),
C5H12, CO, and HQ.

In addition to the yields, the source provides absolute error bars (reported as +
values) for most gas species. These are used to construct weighting coefficients for
reconciliation (Section . For pentane, no uncertainty is available and an educated
guess is used to avoid a singular weighting definition.

3.2 Data Reconciliation Procedure

For each experiment, reconciliation is formulated as a constrained weighted least-

squares problem on the mass basis established in Section [3:3.1] The decision vector

rec

z"°¢ includes:

o inlet mass mi, and inlet elemental masses (M in, M in),
 phase masses (Mgas, Miiq, Mchar) and corresponding elemental partitions,

e individual gas-species masses m; (including Hy) and their elemental contributions.

The objective penalises deviations from measured values:

rec __ chaS)TA (ZI'CC _ chas), (31)

min (z

z!'eC
where 2™ is obtained by the conversions in Section The weight matrix A is

diagonal.

In the implementation, the diagonal weights are constructed as A;; =1/ 012», where o
is an error (uncertainty) proxy assigned to each variable.

3.2.1 Balance Constraints

Reconciliation is constrained by overall and elemental balances:

Min = Mgas + Miiqg + Mchar, (3.2)
MHin = MH,gas + MH,liq + MH,chars (3.3)
MC,in = MC,gas T MCliqg T MC,char, (3.4)
MO.in = MO gas (= 0). (3.5)
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Phase decomposition constraints enforce consistency between total and elemental phase
masses:

Mchar = M(C,char + MH char, Mliq = MC,liq + MH liq- (36)
Let
S = {CHy, CoHy, CoHg, C3Hg, CsHg, C4Hg, C4Hy0, C4Hg, CsHi2, CO, Hao}  (3.7)

denote the set of gaseous products. For the gas phase, closure is enforced on (i) total
gas mass and (ii) elemental gas masses:

Mgas = st, (3.8)

seS

MH gas = ZmH,s, (39)
sES

mc,gas = ch7s, (310)
sES

MO, gas = MO,CO- (3.11)

Chemical consistency is imposed by linking species masses to their elemental partitions:
me,s = wWe,s M, Mmyg,s = WH,s Ms, (312)

and for CO:
Mo,co = Wo,co Mco- (3.13)

Finally, all decision variables are constrained to be non-negative:

7" > 0. (3.14)

3.2.2 'Weight Construction

The yield dataset does not provide a full statistical characterization (replicate counts
and pointwise standard deviations for all quantities). Therefore, weighting is con-
structed from the reported absolute errors (published as =+ intervals) using a pragmatic
aggregation approach.

For each gas species s, a vector of absolute errors across all operating points is available,
with the exception of pentane, e.g. AYj1,...,AY,, . The mean absolute error

Nexp
1

> IAY,

Texp r=1

: (3.15)

05 =
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is treated as the uncertainty proxy for that species. For decision variables associated
with species s, the corresponding o; value is assigned from o,. For variables where no
uncertainty is reported (e.g., pentane), a small positive number is assigned to avoid
a zero uncertainty, which would lead to an undefined weight. In addition, the inlet
mass and the phase totals are assigned small uncertainties (large weights), which keeps
them close to the reported values and forces the reconciliation to primarily adjust the
gas-species yields while satisfying the global balance constraints.

3.2.3 Solver Setup and Implementation Details

The optimization problem is implemented in MATLAB using YALMIP. Constraints are
collected into a single constraint set, and each experiment is solved independently. Be-
cause the objective is quadratic and all constraints are linear equalities and inequalities,
the resulting problem is solved using quadratic programming.

The reconciliation produces, for each experiment: (i) reconciled phase masses (gas/liquid/char),
(ii) reconciled masses of individual gas species (including Hs), and (iii) reconciled ele-
mental partitions consistent with the imposed balance constraints.

3.2.4 Consistency of Reconciled Data

The consistency of the reconciled dataset was evaluated by checking the residuals of
the total mass balance and elemental balances after optimization. For each operating
point, the total mass, carbon, hydrogen, and oxygen balance residuals were inspected
together with the non-negativity of all reconciled variables. The reconciled dataset was
considered physically consistent only if all imposed constraints were satisfied within
numerical tolerance.

3.3 Calculation of Mass Yields

The independent variables for yield modeling are:

o temperature T (in °C),

« gas residence time 7 (in s).

The dependent variables are product yields expressed on a single consistent basis.
Because the raw dataset is reported on mixed bases (wt%, C-yield%, and vol%), all
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reported quantities are first converted to absolute masses by normalising the polymer
inlet to a unit mass:

Min = 1; (316)
which can be interpreted as 1 g (or any other convenient unit). This scaling is without

loss of generality: the reconciliation formulation and the relative corrections are
invariant to the selected mass unit.

3.3.1 Preprocessing and Basis Harmonisation

The reconciliation is performed on a mass basis using the following conversion steps.

Polymer elemental composition. The polymer inlet is treated as polyethylene
with repeating unit CHy. Using M¢ = 12.011 and My = 1.00784, the mass fraction
of carbon in polyethylene is:

Mo 12.011 (3.17)
w, = = . .
CPE T Mo ¥ 2My  12.011 + 2.01568
Thus, for m;, = 1, the inlet elemental masses are:
MC,in = WC,PE Min, mpin = (1 —wepE) Min, mo,in = 0. (3.18)

Conversion of phase yields (w%) to masses. If the gas, liquid, and char phase
fractions are reported as mass percentages Yp‘”% of the inlet, their measured masses
are obtained as:

My = ——— Min, pE€P. (3.19)

Assumed elemental composition of liquid and char. For the liquid phase, the
elemental composition is assumed to follow the inlet polymer:

MCliq = WC,PE Mliqs M liq = (1 — we,pE) Miig. (3.20)
For the char phase, a fixed elemental split is assumed:

Mmc¢ char = 0.95 Mchar, MH char = 0.05 Mchar- (321)
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Gas species (C-yield%) to species masses. For each gaseous product s reported
as carbon yield (Y.C%), the carbon mass assigned to s is:

YC%
me,s = —

- in- 322
s = S0 ™G (3.22)

The total mass of species s is then reconstructed using its carbon mass fraction wc s:

my = LG8 (3.23)
we s

where wc s is computed from the molecular formula (e.g., we,cn, = 12.011/(12.011 +
4.03136), we,c,m, = 24.022/(24.02244.03136), and we,co = 12.011/(12.011415.999)).
Hydrogen and oxygen masses within each gaseous product are obtained similarly via
wH,s = 1 —wg,s for hydrocarbons and wp,co = 1 — we,co for carbon monoxide.

Conversion of hydrogen (vol%) to mass. Hydrogen is reported as vol% in the
gas phase and is treated as a mole fraction (ideal-gas approximation). Let xp, denote
the reported hydrogen mole fraction. The total amount of non-hydrogen gaseous
products is first converted to moles and summed to obtain nyonp,. The hydrogen
amount is then reconstructed by:

XHz

= - NMnonHy>» my, = NH, MHZ. (324)
1- XH,

ﬂH2

3.4 Yield Modeling

3.4.1 Temperature and Residence Time

The reconciled dataset is used to model yields as functions of the input vector u =
[Tc,7]T. Models are fitted for both the measured values and the reconciled values in
order to quantify how reconciliation affects the identified trends and smooth response
surfaces.

3.4.2 Baseline Linear Model
As a baseline, each output variable Y is fitted by a linear function in (T¢, 7):

Y(Tc,7) = b+ 0rTc + 60,7. (3.25)
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The coefficients are estimated by ordinary least squares (OLS) using the matrix
formulation:
to
Oy = |or| =(UTU)"UTY, U=[,1T¢, 1. (3.26)
0,

Model quality is quantified by the coefficient of determination R? computed on the
available operating points. The plane fit is applied uniformly to all variables of interest,
enabling a simple interpretable comparison between measured and reconciled datasets.

3.4.3 Gaussian Process Regression and Kernel Comparison

To capture nonlinear dependencies under a small number of datapoints, Gaussian
Process Regression models are trained for each yield variable using the two-dimensional
input space (T¢, 7). Several ARD kernel families available in MATLAB are evaluated
as introduced in Chapter

In all cases, inputs are standardized (Standardize=true). For each species and kernel,
the model is trained using fitrgp and assessed on the available datapoints by the
re-substitution RMSE and R2.

For each yield variable, the best kernel is selected as the one maximizing R? on the
available datapoints. The selected models are then used to generate smooth response
surfaces on a dense grid in (T¢, 7) for visualization and comparison between measured
and reconciled fits.
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CHAPTER 4

Results and Discussion

4.1 Kinetic Model Verification

4.1.1 Conversion—Temperature Profiles

The Arrhenius-type random-scission model produced a characteristic sigmoidal con-
version curve a(7T') under linear heating. Conversion remained close to zero at low
temperatures, followed by a rapid rise in the main degradation interval and a grad-
ual approach to @ ~ 1 at higher temperatures. The predicted shape reflects the
typical onset—acceleration—completion pattern observed for LDPE primary thermal
degradation in an inert environment.

As an initial consistency check, the model was simulated using the parameter values
reported by Zhao et al. [22] and compared to manually scraped experimental data of
a(T) from the reference figure.
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Figure 4.1: Simulated conversion curve «(7') using the parameter values reported by
Zhao et al. compared with manually scraped experimental datapoints
from the reference figure.

Figure I shows that the simulated curve closely follows the scraped points throughout
the transition region, confirming that both the numerical integration of the kinetic
ODE and the random-scission mapping a(z) were implemented consistently with the
reference trend.

4.1.2 Self-Consistency and Robustness Tests

To verify robustness to data imperfections, two parameter estimations were performed.

Self-consistency test. Synthetic conversion data «(T) were generated from the
reported parameters in Table [£.1] and subsequently used as input for estimation of the
Arrhenius parameters (A, E) via least-squares fitting (reconstructing x(7T") from «(T")
and fitting the integrated model). The fitted curve nearly overlapped the synthetic
truth (Figure , achieving RMSE,, = 1.55 x 1072 and R? = 0.99878.
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Figure 4.2: Self-consistency test: recovery of (A, E) from synthetic conversion data
generated by the reference parameter set. The fitted curve nearly overlaps
the synthetic truth.

Robustness test To emulate measurement noise, Gaussian noise with standard
deviation opeise = 0.01 was added to a sparse set of synthetic conversion points
(clipped to [0,1]). The parameters (A, F) were again re-estimated from the noisy
data. The fitted model retained excellent predictive agreement on the noisy datapoints
(Figure , with RMSE,, = 1.61 x 1072 and R2 = 0.99841. Across both recovery
tests, the fitted activation energy remained close to the true value (within &~ 3.4-3.5%),
while the fitted pre-exponential factor exhibited a larger deviation. This behavior
is consistent with practical parameter correlation in Arrhenius-type models, where
multiple (A, E) combinations can reproduce a very similar «(7T) shape. For the
purposes of implementation verification and robustness demonstration, the key result
is the stable reproduction of the conversion curve with very high goodness-of-fit.
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Figure 4.3: Robustness test: parameter estimation from noisy synthetic conversion
data (oneise = 0.01). The model provides a good fit to the noisy data
points.

Table 4.1: Parameter-recovery tests for the Arrhenius-based random-scission conver-

sion model.
Test Agrue Erue Age Egy RMSE, RZ
[s71] [kJ mol ™ [s7Y [kJ mol ™
Self-consistency 1.80 x 10° 108.1 1.01 x 10° 104.3 1.55 x 1072 0.99878

Noisy (Gnoise = 0.01)  1.80 x 10° 108.1 9.21 x 10* 104.4 1.61 x 1072 0.99841

4.2 Data Reconciliation Results

This section summarises the key outcomes of the weighted least-squares reconciliation.
All reconciled values satisfy the imposed conservation constraints, while staying as
close as possible to the reported measurements under the specified weighting strategy.
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4.2.1 Measured and Reconciled Phase Yields

Figure [£.4] compares measured and reconciled phase yields over all experiments.

[char
I Gas

1 2 3 4 5 6 1 2 3 4 5 6
Measurement Measurement

Figure 4.4: Phase yields (gas/liquid/char) before and after reconciliation. Left: mea-
sured phase distribution. Right: reconciled phase distribution satisfying
exact closure.

As shown in Figure f.4] the reconciliation redistributes the mass-balance discrepancy
in a way that is consistent with the uncertainty weighting. In particular, an increase in
the char fraction and a corresponding decrease in the liquid fraction can be observed
after reconciliation.

Table 4.2: Measured and reconciled phase yields.

Exp. Tc [°C]  7[s] Yeus™ [wt%] Vel [wtho]  Viig® [wt%] Yo, [wt%]

1 500 13.4 8.20 10.77 83.84 2.74
2 550 12.4 18.00 20.00 75.90 2.10
3 550 13.9 23.40 23.71 73.19 2.62
4 550 17.8 26.30 27.75 66.92 3.72
5 550 20.4 27.30 28.47 66.08 4.08
6 600 13.7 56.80 59.93 31.67 5.23

4.2.2 Mass and Elemental Balance Closure

After reconciliation, the total mass balance and the elemental balances (C, H, O)
are satisfied exactly. The unreconciled measurements do not close perfectly; hence
the reconciliation redistributes the discrepancy among the variables according to the
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assigned uncertainties. Figure shows the fixed inlet C/H split implied by the CHy
composition; this quantity is constant across all datasets.

[ H
.

1 2 3 4 5 [
Measurement

Figure 4.5: Normalized inlet elemental masses (C and H) used to define elemental-
balance constraints for the reconciliation.

This confirms that the reconciled dataset is physically consistent and suitable as
an input for regression and GPR yield modelling without propagating systematic
imbalance errors into fitted correlations.

4.2.3 Effect of Reconciliation on Gas-Phase Composition

Reconciliation affected individual gaseous components primarily through redistribution
within the gas-phase species set while respecting: (i) total gas mass consistency, (ii)
elemental consistency, and (iii) the reported uncertainty-driven weights. Figure
compares the measured and reconciled gas composition (normalized) across operating
points.
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Figure 4.6: Gas composition before and after reconciliation. Left: measured gas com-
position (normalised). Right: reconciled gas composition (normalised)
consistent with phase totals and elemental balances.

In Figure [£.6] it can be seen that, after reconciliation, the CO and C5H;o contributions
are driven to (near-)zero, while the relative share of lighter hydrocarbons increases.
This shift is consistent with the imposed balance structure and modelling assumptions:
the feed is treated as oxygen-free and CO is the only oxygen-carrying species, so
enforcing the elemental balances implies a vanishing oxygen inventory and therefore
suppresses CO. Similarly, species with weak or missing uncertainty information can
be adjusted more strongly by the reconciliation to satisfy global closure. Overall, the
reconciled composition is chemically and elementally consistent with the constraints,
indicating that the reconciliation achieved the intended physical closure.

4.3 Yield Modelling Results

This section compares a baseline linear plane fit against Gaussian Process Regression
models trained on the same small dataset (nexp = 6). The comparison is performed
for both measured and reconciled datasets to assess the benefit of reconciliation for
subsequent modelling.

4.3.1 Linear Regression Results
For each yield variable Y, the linear regression model

N

Y(Tc, T) =0g+0rTc + 0,7
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was fitted by OLS. Despite its simplicity, the plane fit provides a transparent baseline
and helps identify dominant directional trends over the operating window. In most
cases, the fitted surfaces suggest that temperature drives the primary trend, while
residence time provides only a secondary correction. This is also consistent with the
fact that the available range of 7 is relatively narrow compared to the temperature
variation, which limits the identifiability of residence-time effects from the dataset.
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Figure 4.7: Representative plane-fit response surface (linear regression, OLS; recon-
ciled data) for C4Hg.

As can be seen in Table the coefficient of determination R? decreases after recon-
ciliation for most variables. This is likely because the balance-constrained adjustments
can modify the apparent trends and may reveal nonlinear dependence of yields on
temperature and residence time, which a simple linear plane model cannot capture
adequately.
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Table 4.3: Plane-fit metrics for measured vs reconciled data (R? only).

Variable Y RZ cas Riec

Gas (wt%) 0.8865 0.8648
Liquid (wt%) 0.8022 0.8270
Char (wt%) 0.7759  0.6196

CH4 0.8223  0.7866
CaoHy 0.9303 0.9212
C2Hs 0.8715 0.8552
CsHs 0.9171  0.8736
CsHs 0.7718  0.7547
C4Hs 0.9645 0.9755
C4Hio 0.8225 0.7994
C4Hs 0.4006  0.4248
CsHio 0.5546  0.5546
CO 0.7921 NaN
H, 0.7181 0.7180

4.3.2 Gaussian Process Regression Results

GPR models were trained for each yield variable using multiple ARD kernels. Because
the dataset is very small, the reported RMSE and R? values (computed on the training
points) should be interpreted primarily as an indicator of interpolation capability
rather than true generalisation. Nevertheless, kernel comparison remains informative:
different kernels encode different smoothness assumptions and can produce meaningfully
different surfaces between measured datapoints.

As shown in Tables [£.4H4.5] the predictive accuracy changes noticeably after reconcilia-
tion. In particular, the fits improve for C3Hg, C3Hg, and C4Hg, whereas Hy and C4Hg
exhibit a clear degradation in accuracy. Across most variables, the most frequently
selected kernel is the Exponential ARD kernel (Exp-ARD).
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Table 4.4: GPR kernel comparison — measured data (resubstitution metrics). Best

kernel per variable is the one with highest RZ.

SE-ARD  Exp-ARD M3/2-ARD M5/2-ARD RQ-ARD
Variable Y R? R? R? R? R? Best kernel
RMSE RMSE RMSE RMSE RMSE

H 0000928 0.000670 000033 0000952 0.0000s  EXP-ARD
CHy 00. .09090939126 (7) g? 09_ gg 00_ .09090929556 00. ,09090939029 09 ,09090939126 Exp-ARD
CaHa 00. 6909092942 41. %022? 005 0 .1688(1)87 00. 69090919593 00. 69090919;)5 Exp-ARD
©2He 00. 690916584 (()) .'(?(?oﬁ%g 00. 690917?)63 00. 6909174124 00. 690917500 Exp-ARD
CaHlo 00006 000896 000896 000306 fo SE-ARD
CaHy o002 0oo26 0006 o026 oootag  MO/ZARD
cu Same T dm G D
Calls 0000396 0.000390 0000107 0000102 0.000306  EXP-ARD
CaHlio 000021 00001 0000121 000021 ooooin  MB/ZARD
CoHaz N85e0s  AMoe0s 4805 A%oe0s  dsseos EX-ARD
¢ 0000150 0000177 0.000178 0.000178 o Bxp-ARD
Gos (%) Coln  oooss  oons  omm oo BxARD
Liquid (wi%) 09070 0000 0999 0.9953 L0000 ARD
Char (wi%) 00, 0.000104 0.000108 0000109 0.000107  SE-ARD
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Table 4.5: GPR kernel comparison — reconciled data (resubstitution metrics). Best
kernel per variable is the one with highest R2.

SE-ARD Exp-ARD M3/2-ARD M5/2-ARD RQ-ARD

Variable Y’ R? R? R? R? R? Best kernel
RMSE RMSE RMSE RMSE RMSE
o wm o awn e
T T R .
Gt 0.00106 Lieos 0000135 0000192 0.000155  EXP-ARD
©2Ho 000155 o508 000151 000111 0o1se  Exp-ARD
CaHe 09963 0.9965 09963 09963 L
Calls 09680715138 8.‘(?071512 0().680715138 0().680715138 0%80715138 Exp-ARD
cuSmm o Thn w o shn D
A
CaBuo 0000121 0000424 0004 0000w Ooooars MO/ZARD
CoHz V81e0s  481e0s  A8ie0s  A8ie0s  Anieos FXPARD

co 0.000000 0.000000 0.000000 0.000000 0000000

Gas (wi%) 000981 ? Eaes 000516 000293 o Exp-ARD
Liquid (%) 0ooa 6.0re0n 0.000111 0000214 0000150  EXP-ARD
Char V%) (Gonms ool 0000196 0021 ooooss  BXPrARD

Data reconciliation can change the apparent shape of yield trends across the operating
points. For some species (e.g., C3Hg, C3Hg, and C4Hg), enforcing overall and elemental-
balance closure tends to make the data more mutually consistent across experiments, so
the subsequent regression and GPR models can represent these yields more accurately.
In contrast, for Hy and C4Hg the balance-driven corrections may alter the local
dependence on (T¢, 7) (e.g., increase apparent nonlinearity or change the direction of
the trend), which can reduce the achievable fit quality for the same model class.

For each yield variable, the best kernel in Tables was used to train a GPR
model.

Figure [I.§ shows representative examples, illustrating that GPR can capture non-linear
trends between sparse datapoints, especially for yields that exhibit curvature with
temperature or residence time.
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Figure 4.8: Representative GPR, response surface (GPR, reconciled data) for C,Hg
using the ARD exponential kernel.

4.3.3 Summary of Yields Modelling Results

Overall, the plane fit provides an interpretable baseline and reveals dominant linear
severity trends, whereas GPR offers flexible non-linear interpolation over the small
dataset. Moreover, with only nexp, = 6 datapoints, the GPR hyperparameter opti-
mization can easily overfit the training points; therefore, an improved resubstitution
fit does not necessarily imply reliable predictions away from the observed operating
conditions.

4.4 CSTR Reactor Model Results

The reactor model was evaluated through the optimized steady-state solution. The
following results focus on the optimized operating point, calculated product distribution,
objective-function value, and material-balance consistency of the final solution.
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4.4.1 Optimal Operating Point

The steady-state optimization converged successfully and returned a feasible optimum.
The objective function value at the optimum was

Igur = 0.278283 EURs™ 1. (4.1)

This value represents the simplified profit rate calculated from the economic objective
used in the reactor model.

The optimized operating point is summarized in Table The optimized inlet mass
flow rate was 0.136896 kg s~!, the reactor temperature was 796.101 K, and the residence
time reached its imposed lower bound of 10.000 s.

Table 4.6: Optimized operating point obtained from the steady-state optimization.

Variable Initial guess Bounds Optimized value
Min [kgs™!] 0.200000 0.050000-0.200000 0.136896
T [K] 804.000 673.150-873.150 796.101
T [s] - 10.000-20.000 10.000

The optimized temperature lies inside the allowed temperature interval, while the
residence time is located exactly at the lower constraint. This indicates that, under the
selected economic objective and imposed bounds, the optimum favoured the shortest
admissible residence time. The resulting operating point therefore corresponds to a
relatively high-throughput regime within the constrained operating window.

4.4.2 Product Distribution at the Optimized Point

The calculated outlet mass flows at the optimized operating point are summarized in
Table The largest calculated product stream was methane, followed by ethylene
and propene. Hydrogen and char were practically zero at this operating point.
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Table 4.7: Calculated outlet mass flows at the optimized operating point.

Stream Mass flow [kgs™!]
CH,4 0.0525747
CyHy 0.0246637
CyHg 0.0119131
CsHg 0.0179849
CsHsg 0.00302732
C4Hsg 0.00786607
C4Hyp 0.00117037
C4Hg 0.00176326
CsHio 0.00541271
Ho 0.000000
Char 6.93889 x 10~ 18
Polyethylene-like remaining stream 0.0105198
Total outlet flow 0.13689593

The sum of the explicitly calculated product mass flows, excluding the polyethylene-like
remaining stream, was

Mprod,exp = 0.12637613 kgs ™. (4.2)

The total outlet mass flow rate was defined as the sum of the explicitly calculated
product stream and the polyethylene-like outlet stream:

Mout = mprod,exp + ml*DE (43)
At the optimized operating point, this gives
Thout = 0.12637613 + 0.0105198 = 0.13689593 kgs™*. (4.4)

This value agrees with the optimized inlet mass flow rate within numerical precision.
The optimized solution is therefore materially consistent, since the calculated outlet
stream closes the inlet mass flow.

The product distribution shows that the optimized point is dominated by light hydro-
carbon formation. Methane reached 0.0525747 kgs~!, which was the highest individual
product mass flow. Ethylene and propene also formed significant product streams, with
0.0246637 kgs~! and 0.0179849 kgs~!, respectively. The polyethylene-like remaining
stream was 0.0105198 kgs~!, which is small compared with the total inlet flow.
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4.4.3 Interpretation of the Objective Function

The objective value of 0.278283 EUR s~ ! represents the net value of the simplified
economic function. It includes product revenue, heating cost, and the recoverable-
energy credit. The result therefore indicates how favourable the optimized operating
point is within the assumptions of the model, but it does not represent a complete
industrial profit.

The location of the optimum at the lower residence-time bound is an important
result. It shows that the simplified objective benefits from shorter residence time
and higher throughput within the investigated operating window. This behaviour is
influenced not only by product formation, but also by the energy credit assigned to
the polyethylene-like remaining stream.

The result should therefore be interpreted with caution. If the lower residence-time
bound were removed, the objective could favour even shorter residence times, where
the material would have insufficient time for effective pyrolysis. In such a case, the
apparent economic performance could be dominated by throughput and recoverable
energy rather than by the formation of valuable pyrolysis products.

The optimized point is valid only for the simplified economic objective and the imposed
operating constraints. Capital costs, separation and purification costs, compression
costs, labour, maintenance, environmental costs, and product-quality requirements
were not included. Consequently, the obtained optimum should be interpreted as a
constrained model optimum and not as a final industrial design optimum.

4.5 Global System Analysis Results

4.5.1 Response Surface in the Temperature-Residence-Time
Plane

The global system analysis was used to evaluate the behaviour of the reactor model
over a wider operating region than the single optimum obtained from the steady-state
optimization. In the GSA study, the reactor temperature 7" and inlet mass flow rate
Thi, were varied as sampled factors. Since the residence time is calculated from the
inlet mass flow rate, the results were subsequently transformed and visualized in the
temperature—residence-time plane.

This transformation is useful because temperature and residence time are physically
interpretable operating variables of the pyrolysis process. Temperature directly affects
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the Arrhenius kinetic terms, while residence time determines how long the reacting
material remains inside the reactor.

The main response evaluated in the GSA was the simplified profit rate,

Igur, (4.5)

which combines product revenue, heating cost, and the recoverable-energy credit. The
resulting response surface, including the original optimization boundaries and the
optimized operating point, is shown in Figure

The dashed boundaries in Figure represent the constrained operating region used
in the optimization problem. These limits are important because the yield correlations
used in the reactor model were developed from experimental data available only within
a limited temperature and residence-time range. Therefore, points outside this region
should be interpreted with caution, since they correspond to extrapolation of the fitted
yield models.

The response surface shows that, within the investigated region, the simplified profit
function is strongly influenced by residence time. The objective changes more sig-
nificantly in the direction of decreasing 7 than in the temperature direction, which
indicates that residence time has the dominant influence on the economic response
of the current model. Temperature still affects the response surface, but mainly by
shaping the local position of the more profitable region within the constrained operating
window.

The tendency of the objective function to increase at shorter residence times is a
consequence of the simplified economic formulation. A lower residence time corresponds
to a higher inlet throughput and, in the present objective function, also increases
the contribution associated with the polyethylene-like remaining stream through the
recoverable-energy term. If the residence-time bound were removed, the objective would
tend to move toward very short residence times. Such a result would not represent
a physically meaningful pyrolysis optimum, because the reactor would approach a
situation where only a small fraction of polyethylene reacts and the polyethylene-like
remaining stream dominates the outlet.

For this reason, the lower residence-time bound is an important modelling and inter-
pretation constraint. It prevents the optimizer from selecting an artificial solution
dominated by throughput and energy recovery from the polyethylene-like remaining
stream rather than by the actual formation of valuable pyrolysis products. In practical
terms, an unconstrained movement toward 7 — 0 would correspond to a process in
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Figure 4.9: Global system analysis response surface of the simplified profit rate in
the temperature-residence-time plane. The dashed lines indicate the
boundaries of the optimization problem, and the optimized operating
point is marked inside this constrained region.



66 Results and Discussion

which the material has insufficient time to react, and the economic result would be
driven mainly by treating the remaining polyethylene-like stream as an energy source.

The temperature dependence is also visible in the response surface. At lower temper-
atures, the kinetic rate and product formation are limited. At higher temperatures,
the heating cost increases. The resulting objective therefore reflects a compromise
between product formation, energy demand, throughput, and the recoverable-energy
credit included in the simplified profit function.

4.5.2 Comparison Between GSA and Optimization

The optimized point obtained from the steady-state gPROMS optimization is located
on the lower residence-time constraint and inside the imposed temperature bounds.
This is consistent with the trend observed in the GSA response surface, where the
simplified objective favours shorter residence times within the allowed operating region.

However, this result should not be interpreted as a general recommendation to minimize
the residence time without limitation. The GSA shows that, if the optimization
boundaries were relaxed, the simplified objective would continue to favour even shorter
residence times. This behaviour is mainly a consequence of the selected economic
formulation and the inclusion of the recoverable-energy credit from the polyethylene-like
remaining stream and char.

The comparison between the GSA response surface and the optimized point therefore
provides an important interpretation of the optimization result. The optimizer did
not identify a universal industrial process optimum, but rather the best operating
point within the constrained model region and under the selected simplified objective
function. The imposed boundaries are therefore essential, because they keep the
optimization within a range where the empirical yield representation is still reasonably
connected to the available experimental data.

Overall, the GSA confirms that the reactor model responds consistently to changes
in temperature and residence time. At the same time, it highlights an important
limitation of the simplified economic objective: without physically motivated bounds,
the optimizer may favour operating points with very short residence time, where the
process would no longer represent effective pyrolysis but rather a high-throughput case
with a large amount of polyethylene-like remaining material.
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Conclusions

This thesis developed a modelling framework for polyethylene pyrolysis that combines
literature-based kinetic modelling, data reconciliation, empirical yield modelling, steady-
state reactor simulation, and simplified economic optimisation. The work was motivated
by the need to build physically meaningful process models from experimental data
that are reported on different bases and may not satisfy mass and elemental balances
exactly.

A small literature dataset of LDPE pyrolysis experiments was first converted to a
common mass basis and reconciled by weighted least squares subject to total-mass
and elemental-balance constraints. This step improved the physical consistency of the
data and provided a reconciled dataset suitable for further model development. The
reconciled data were then used to construct empirical models for individual product
yields as functions of temperature and residence time. A linear regression model was
used as a transparent baseline, whereas Gaussian Process Regression provided a more
flexible representation of nonlinear trends within the studied operating window.

The reactor model was formulated as a steady-state CSTR model and implemented
in gPROMS. The model combined an Arrhenius-type random-scission description of
polyethylene conversion with empirical yield correlations for selected products. This
integrated model was subsequently used for steady-state optimisation and for global
system analysis in order to evaluate the influence of operating conditions on conversion,
product distribution, and the simplified economic objective.

The optimisation results showed that the obtained optimum is strongly influenced by
the residence-time constraint and by the structure of the simplified objective function.
In the present formulation, the optimum was located at the lower residence-time
bound, and the global system analysis confirmed a general tendency of the objective
to increase as residence time decreases. This result should not be interpreted as a
general industrial optimum for chemical recycling. Rather, it shows that the reduced
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objective function rewards short residence time and assigns value to the remaining
material through the recoverable-energy term. The current optimisation therefore
reflects the behaviour of the reaction-and-heating model under simplified assumptions,
not a complete process-level economic optimum.

Several important costs and process features were intentionally excluded from the opti-
misation problem. These include separation and purification of products, compression,
storage, labour, maintenance, shutdowns, equipment service, electricity consumption of
auxiliary devices such as motors and compressors, and heat losses to the surroundings.
For this reason, the calculated profit should be interpreted only as a simplified process-
performance indicator. Under different market conditions, alternative product-price
assumptions, or a more complete techno-economic formulation, the preferred operating
region could shift toward conditions favouring a different balance between conversion,
throughput, and production of valuable compounds.

The present work nevertheless shows that data reconciliation is a useful preprocessing
step when small experimental pyrolysis datasets are used for model development. The
thesis also demonstrates how reconciled literature data can be connected to reactor-
level modelling and optimisation in a single workflow. This creates a basis for future
work on larger and more diverse datasets, where more advanced data-driven models
such as Gaussian Process Regression, or richer hybrid mechanistic-data-driven models,
may become more beneficial.

Future work should focus on three main directions. First, the yield models should be
trained and validated on a larger dataset covering a wider operating region. Second, the
reactor model should be extended to represent the full product slate more rigorously,
including heavier liquid products and downstream process requirements. Third, the
economic model should be expanded toward a more realistic techno-economic assessment
that includes utility consumption, heat losses, downstream separation, and additional
operating and maintenance costs. These extensions would improve both the predictive
value of the model and the practical relevance of the optimisation results.



APPENDIX A

Resumé

Tato diplomova praca sa zaobera modelovanim pyrolyzy polyetylénu so zameranim na
prepojenie kinetického modelovania, spracovania experimentalnych dat, rekoncilidcie
dat, empirického modelovania vytazkov, reaktorovej simulacie a zjednodusenej procesnej
optimalizacie. Vychodiskom préace je skutoc¢nost, Ze produkcia plastov dlhodobo
rastie, s ¢im suvisi aj zvysujuce sa mnozstvo plastového odpadu, ktorého udrzatelné
spracovanie predstavuje vyznamny technicky a environmentilny problém. Popri
tradi¢nych sposoboch nakladania s odpadmi sa preto zvySuje vyznam technolégii
umoznujicich jeho materidlové alebo energetické zhodnotenie. Pyrolyza patri medzi
relevantné termochemické pristupy, pretoze umoznuje spracovat polymérny material
v prostredi bez pristupu kyslika na plynné, kvapalné a tuhé produkty. Vysledna
produktova distribicia je vsak silne zavisla od typu polyméru, teploty, zdrzného casu
a dalsich prevadzkovych podmienok, ¢o vyzaduje pouzitie vhodnych matematickych
modelov na analyzu a optimalizaciu procesu.

Hlavnym cielom prace bolo vytvorit a vyhodnotit modelovaci rdmec pre pyrolyzu
polyetylénu, ktory spaja ciastkové kroky do uceleného pracovného postupu. Konkrétne
islo o implementéciu a overenie konverzného modelu zalozeného na Arrheniovej kinetike
a mechanizme ndhodného stiepenia retazca, spracovanie publikovanych experimental-
nych dat pre pyrolyzu LDPE, ich prevod na jednotnu bazu, rekoncilidciu pomocou
metody vazenych najmensich stvorcov, vytvorenie empirickych modelov vytazkov a
nasledné vyuzitie tychto modelov v zjednodusenom ustalenom modeli CSTR reaktora.
Stucastou prace bolo aj zjednodusené ekonomické hodnotenie, optimalizacia ustédleného
stavu a globalna systémova analyza. Rozsah prace bol vedome obmedzeny na vypocétové
modelovanie a analyzu v ramci podmienok podporenych dostupnymi experimentalnymi
udajmi. Praca preto nezahfna detailny navrh reaktora, separac¢nych a Cistiacich uzlov,
kapitalové naklady ani kompletni techno-ekonomickd analyzu.

Teoreticka cast prace opisuje zakladny princip pyrolyzy a tepelni degradéaciu polyetylénu.
Polyetylén pri zvysenej teplote degraduje najmé mechanizmom Stiepenia polymérnych
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retazcov, pri ktorom vznikaja lahsie uhlovodikové fragmenty. Z hladiska matematick-
ého opisu je v préaci dolezité rozliSenie medzi premennou x, reprezentujicou frakciu
rozstiepenych vézieb v polymérnom retazci, a celkovou konverziou «, ktora vyjadruje
experimentalne pozorovatelny hmotnostny ubytok, respektive premenu vstupného ma-
teridlu na prchavé produkty. Premennd = sa pouziva ako vnutornd kinetickd veli¢ina,
zatial ¢o celkova konverzia a sa z nej pocita pomocou vztahu odvodeného z modelu
nahodného Stiepenia refazca. Toto rozliSenie je klticové, pretoze umoznuje oddelit
vnutorny kineticky opis degradécie polyméru od vypoctu skutoénych hmotnostnych
tokov konvertovaného a nekonvertovaného polyetylénu v modeli reaktora.

Sucastou teoretického ramca st aj celkové hmotnostné a elementarne bilancie, ktoré
tvoria zdklad rekoncilidcie dat. Pri idedlnom experimente by mali publikované tidaje
Spiﬁat’ celkovii hmotnostnii bilanciu a zaroven aj bilancie jednotlivych prvkov, najmé
uhlika, vodika a kyslika. V praxi vSak experimentédlne data casto obsahuji neistoty, ¢i-
astkové bilan¢né neuzavery alebo st vykazované na odlisnych bazach, ¢o komplikuje ich
priame pouzitie na identifikdciu modelov. Z tohto dévodu boli v praci bilan¢né vztahy
pouzité ako fyzikdlne obmedzenia pri rekoncilidcii. Rekoncilidcia bola formulovand ako
uloha vazenych najmensich stvorcov, v ktorej sa hladaji upravené hodnoty meranych
veli¢in tak, aby boli ¢o najblizsie k publikovanym tdajom, ale zaroveli presne spliiali
stanovené bilancné a fyzikalne obmedzenia. Vahy boli urc¢ené na zdklade dostupnych
informécii o neistotach, pricom veli¢iny s mensou neistotou boli penalizované prisnejsie.

Experimentalny sibor dat pouzity v praci pochadza z literatiry a obsahuje Sest
prevadzkovych bodov pre pyrolyzu LDPE. Teplotny rozsah dat je priblizne 500 az
600 °C a zdrzné casy sa pohybuju v intervale 12 az 21 s. Dataset je Specificky tym, ze
jednotlivé veli¢iny st reportované na roznych bazach. Fazové vytazky plynu, kvapaliny
a tuhého zvysku st uvedené ako hmotnostné percentd, jednotlivé plynné uhlovodiky
ako uhlikové vytazky a vodik ako objemové percento v plynnej faze. Pred samotnou
rekoncilidciou preto bolo potrebné previest vSetky tdaje na jednotnii hmotnostnt bazu.
Vstupnd hmotnost polyméru bola normalizovana na jednotkovi hodnotu, polyetylén bol
modelovany ako opakujica sa jednotka CHj, z ¢oho boli vypocitané vstupné hmotnosti
uhlika a vodika. Na rovnakej baze boli nasledne vyjadrené aj hmotnosti jednotlivych
faz a plynnych zloziek. Pri spracovani dat boli pouzité aj doplnkové predpoklady,
napriklad idealizovany prepocet vodika z objemového podielu na hmotnost alebo
zjednodusené predpoklady o elementdrnom zloZen{ kvapalnej a tuhej fazy (charu).

Rekonciliacia bola rieSsend samostatne pre kazdy experimentalny bod. Rozhodovacie
premenné zahfali celkovii a elementarnu vstupni hmotnost, hmotnosti faz (plyn, kva-
palina, char), hmotnosti jednotlivych plynnych produktov a ich elementdrne prispevky.
Na tieto veli¢iny boli aplikované obmedzenia celkovej hmotnostnej bilancie, bilancie
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uhlika, vodika a kyslika, uzatvorenia plynnej fazy a podmienky nezédpornosti. Vahova
matica bola zostavena ako diagonalna, pricom jednotlivé vahy vychadzali z odhadov
neistét. Pri plynnych zlozkéch sa na urcenie neistoty vyuzili publikované absoltutne
chyby; pre veli¢iny bez udanej neistoty bola pouzitd aproximéacia, aby sa predislo
singularnej definicii vah. Vstupnd hmotnost a celkové fazové podiely boli viazané
vyssimi vahami, aby rekoncilidcia zachovavala globalne velic¢iny blizko publikovanych
hodnot a redistribuovala neuzavery prednostne na tirovni jednotlivych plynnych zloziek.

Vysledky rekoncilidcie potvrdili, ze povodné merané data nie st tplne konzistentné z
pohladu celkovej hmotnostnej ani elementarnej bilancie. Po vyrieseni tilohy vazenych
najmensich stvorcov vSak vsetky rekonciliované idaje spiﬁali bilan¢né obmedzenia v
ramci numerickej tolerancie, ¢im vznikol fyzikalne konzistentny dataset vhodny na
dalsie modelovanie. Z hladiska fazovych vytazkov doslo k systematickej redistribtcii:
podiel plynnej fazy sa oproti meranym tidajom zvysil, pri kvapalnej faze sa prejavil
pokles a pri tuhom zvysku mierny narast. Tato zmena naznacuje, ze pévodné literatirne
udaje obsahovali neuzaveru, ktora sa po ulozeni bilanénych podmienok rozdelila podla
nastavenej vahovej stratégie medzi menej spolahlivé premenné.

Podobne sa zmenilo aj zloZenie plynnej fazy. Rekoncilidcia upravila relativne zastipenie
zloziek tak, aby bola dodrzana celkova plynné bilancia aj elementarna konzistencia.
KedZze vstupny polyetylén bol uvazovany ako bezkyslikaty a oxid uholnaty bol jedinou
zlozkou v plynnej faze obsahujicou kyslik, uplatnenie kyslikovej bilancie viedlo k
potlac¢eniu CO na nulové hodnoty. Vyraznejsie boli upravené aj tie zlozky, pri ktorych
chybala spolahliva informacia o neistote. Vysledkom rekoncilidcie teda nebolo len
Ciselné spracovanie dat, ale najmé vytvorenie datasetu, ktory respektuje fyzikalny
vyznam veli¢in a moze byt bezpecnejsie pouzity pri regresnom modelovani.

Na zéklade meranych aj rekonciliovanych tidajov boli nasledne zostavené modely
vytazkov ako funkcie teploty a zdrzného ¢asu. Ako zdkladny model bola pouzité linedrna
regresia vo forme roviny. Tento pristup bol zvoleny ako jednoducha a interpretovatelna
referencia na identifikaciu zékladnych trendov. Vysledky ukéazali, ze v dostupnom
rozsahu dat mé vyraznejsi vplyv teplota nez zdrzny cas, o stuvisi aj s uzkym intervalom
experimentalnych zdrznych ¢asov. Pri viacerych vytazkoch sa po rekonciliacii znizila
hodnota koeficientu determindcie R?, ¢o naznacuje, Ze linedrny model uz nedokaze
dostatocne zachytit zmeny trendov po vyntteni bilan¢nej konzistencie.

Popri linedrnej regresii bola pouzitd aj metéda Gaussian Process Regression (GPR).
Tento pristup umoznuje flexibilnejsi opis nelinearnych zavislosti a je vhodny pri malom
pocte dat, ak sa predpoklada hladky priebeh odozvy. Pre jednotlivé produkty boli v
prostredi MATLAB porovnané viaceré ARD jadra (squared exponential, exponential,
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Matérn 3/2, Matérn 5/2 a rational quadratic). Vykonnost modelov bola hodnotena
pomocou metrik R? a RMSE. Kedze dataset obsahoval iba $est experimentov, tieto
metriky slizia najmé ako ukazovatel schopnosti interpolacie. Uk&azalo sa, ze GPR
poskytuje flexibilnejsi opis nez linedrna rovina a vo vacsine pripadov bolo ako najvhod-
nejsie vybrané exponential ARD jadro. Rekoncilidcia prispela k lepsej modelovatelnosti
niektorych zloziek (napr. C3Hg, C3Hg), zatial ¢o pri inych (Hs) sa kvalita modelu
zhorsila, ¢o naznacuje, ze bilanéné obmedzenia menia lokdlny charakter zavislosti.

Dalsia ¢ast prace bola venovana formulicii zjednoduseného ustaleného CSTR modelu v
prostredi gPROMS. Reaktorovy model vychddza z kinetického opisu degradacie a pre-
vodu vnitorného stavu Stiepenia vizieb na celkovil konverziu. Rychlost Stiepenia vizieb
bola reprezentovana dvojclennym Arrheniovym vyjadrenim prevzatym z literattary. Pre-
mennd x bola modelovand bilan¢ne ako intenzivny stav idedlne miesaného prietokového
reaktora, pricom v ustdlenom stave vysledna hodnota vyplyvala z rovnovahy medzi pri-
etokovym transportom a kinetickym prispevkom. Z nej sa nésledne vypocitala celkova
konverzia o, pomocou ktorej sa vstupny tok polyetylénu rozdelil na konvertovanu a
nekonvertovanu cast.

Produktova reprezentacia v modeli kombinovala random-scission rozdelenie fragmentov
s empirickymi koreldciami vytazkov. Random-scission opis poskytol uhlikovo zalozené
prispevky fragmentov roznej velkosti, ktoré boli nésledne rozdelené medzi explicitne
reprezentované chemické zlozky (metédn, etylén, etdn, propén, propan, butén, butén,
1,3-butadién, pentan, vodik a char). Zvysnd Cast konvertovaného materidlu bola
interpretovand ako nepriradeny konvertovany zvySok (tazsie uhlovodikové frakcie).
Tymto spdsobom vznikol konzistentny, hoci zjednoduseny model produktového spektra
vhodny na ekonomické vyhodnotenie.

Ekonomicka ucelova funkcia bola formulovand ako rozdiel medzi hodnotou produktov,
nédkladmi na ohrev a kreditom za energiu z nekonvertovaného polyetylénu a charu.
Produktové ceny boli zavedené ako orientacné velkoobchodné hodnoty a naklady na
energiu boli reprezentované koeficientom odvodenym z cien elektriny a zemného plynu.
Tato funkcia neslizi ako kompletna techno-ekonomickd analyza, ale ako indikator
procesnej vykonnosti na porovnavanie prevadzkovych bodov. Do analyzy neboli
zahrnuté investicné naklady, naklady na separaciu, pracu ani environmentilne aspekty.

Optimalizacia ustaleného stavu bola vykonana s dvoma rozhodovacimi premennymi:
teplotou reaktora a vstupnym hmotnostnym tokom. Zdrzny cas bol vypocitany z
objemu reaktora a prevadzkovych podmienok. Teplota bola obmedzena na interval
673,15 az 873,15 K, hmotnostny tok na 0,05 az 0,20 kgs™! a zdrzny éas na 10 az
20 s. Riesenie optimalizacnej tlohy viedlo k pripustnému optimu s hodnotou ucelovej
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funkcie 0, 278283 EURs™!'. Optimalny hmotnostny tok bol 0, 136896 kgs~!, teplota
796,101 K a vypocéitany zdrzny cas dosiahol dolnd hranicu 10,000 s. Vysledok ukézal,
Ze pri zvolenom modeli a ucelovej funkcii je preferovana prevadzka s kratsim zdrznym
casom a vysSim prietokom.

V optimalizovanom bode dominovali lahké uhlovodiky (metén, etylén, propén). Hmot-
nostna konzistencia modelu bola potvrdena numerickou presnostou bilancie tokov.
Vysledok vsak treba interpretovat v kontexte zjednoduseného ekonomického opisu.
KedZe ucelova funkcia ocenuje aj energiu z nekonvertovaného materialu, moze dochéddzat
k zvyhodnovaniu kratsich zdrznych casov aj v oblastiach s nizsou chemickou konverziou.

Na hlbsie pochopenie tohto spravania bola vykonana globalna systémova analyza.
Odozvova plocha ziskovej rychlosti potvrdila dominantny vplyv zdrzného ¢asu na
ucelova funkciu. Najvyraznejsi rast zisku sa prejavoval smerom ku krat$im zdrznym
casom, ¢o je v sulade s vysledkom optimalizdcie. Analyza ukazala, Ze bez dolnej
hranice zdrzného ¢asu by optimum smerovalo k nereilne nizkym hodnotam 7, ¢o
by predstavovalo skor vysokoprietokovy transport nez zmysluplni pyroljzu. Cast
analyzovanej oblasti zasahuje na hranicu experimentalnych dat, preto je potrebné body
mimo tohto intervalu interpretovat ako lokalnu extrapolaciu.

7 vedeckého hladiska praca potvrdzuje, ze rekoncilidcia dat je klticovym krokom pri
praci s malymi literatirnymi datasetmi. Umoznila vytvorit fyzikdlne konzistentny
stubor tdajov vhodnejsi pre regresiu. Vysledky ukézali, Ze zatial ¢o linedrne modely st
dobrou referenciou, GPR dokaze pruznejsie zachytif nelinedrne trendy. Reaktorovy
model demonstroval moznost prepojenia kinetiky, rekonciliovanych dat a ekonomickej
analyzy do jedného celku.

Praca mé vSak aj svoje obmedzenia. Experimentdlny sibor je maly (6 bodov) a
pokryva tzky rozsah podmienok. Model CSTR je zjednodusSeny a nereprezentuje
detailni konstrukciu redlneho zariadenia. Ekonomicka cast nezahfna vSetky priemyselné
naklady. Vysledky optimalizacie preto sltzia skor ako modelova analyza spravania
systému za definovanych predpokladov nez ako definitivny technologicky navrh.

Na zaver mozno konstatovat, ze diplomova praca vytvorila uceleny modelovaci ramec
pre pyrolyzu polyetylénu. Budici vyskum by sa mal zamerat na rozsirenie datasetu,
validaciu modelov na nezavislych iidajoch, detailnejsi opis fazkych frakcii a komplexne-
jSiu techno-ekonomicki analyzu zahfnajicu downstream operacie. Takéto rozsirenie by
zvysilo praktickt pouzitelnost modelu pri hladani optimalnych podmienok priemyselne;
pyrolyzy.
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