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Preface
Two papers form the core scientific basis of the present doctoral dissertation: the opti-
mization and uncertainty quantification studies of methanol and formaldehyde combus-
tion (Olm et al. [1], 2017) and ethanol combustion (Olm et al. [2], 2016). The method of
comparing combustion mechanisms by investigating their behavior for different types of
simulations and across varying ranges of experimental conditions was first employed for
hydrogen (Olm et al. [3], 2014) and syngas combustion mechanisms (Olm et al. [4], 2015).
Although these articles do not deal explicitly with the subject of alcohol combustion, they
mark important steps in the development of a framework for analyzing and comparing
combustion mechanisms and therefore form an integral part of this dissertation. The
developed methodology of comparing mechanisms is described in Section 3.1 and utilized
in two case studies (Sections 3.3 and 3.4).

The author of this dissertation made significant contributions to articles dealing with
the optimizations of a hydrogen combustion mechanism (Varga et al. [5], 2015) and a
joint hydrogen and syngas mechanism (Varga et al. [6], 2016). In addition to the above,
the author contributed simulation results to an article dealing with the measurement
of laminar burning velocities of aqueous ethanol (Hinton et al. [7], 2018, University of
Oxford), for which he was granted co-authorship. Furthermore, two first- and two second-
author conference papers dealing with the scientific work that later appeared in journal
articles were published [8–11].
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Abstract
In recent years, there has been an increased interest in studying the combustion of biofuels
due to environmental concerns related to the use of fossil fuels. Methanol and ethanol are
the two alcohols having the smallest molecules and can be produced also from renewable
resources. They are good candidates to substitute fossil fuels in internal combustion
engines and are already used in many applications and geographical regions. In addition
to this, methanol is a promising option for the chemical storage of excess electricity
produced from renewable sources.

Despite the fact that many detailed chemical kinetic mechanisms for the description
of the combustion of alcohols were published over the last two decades, still large discrep-
ancies between the simulation results obtained with these mechanisms and the results
of combustion experiments can be found. In the present dissertation, the optimization
method of Turányi and co-workers has been used to develop improved small alcohol com-
bustion models. Important elementary reactions were identified using local sensitivity
analysis and new optimal rate parameters were determined with a global minimum search
procedure. Large numbers of experimental data that describe the combustion of methanol,
ethanol, formaldehyde and acetaldehyde were collected from the literature. These data
include so called indirect measurements of ignition delay times, laminar burning velocities
and speciation data (in total 40,904 data points in 489 datasets) as well as experimental
(1660 data points in 122 datasets) and theoretical (76 datasets) determinations of reaction
rate coefficients.

The optimizations resulted in best-fit values and covariance matrices of the optimized
parameters, which provide a description of the temperature-dependent ranges of uncer-
tainty for each of the optimized rate coefficients. The optimized mechanisms were com-
pared to a large number of published mechanisms. These mechanisms provide the best
overall description of the available experimental data for the respective combustion sys-
tems and the obtained optimized rate parameters are consistent with reference values
found in the literature.

Three case studies are presented in this dissertation: (1) The optimization of a detailed
methanol and formaldehyde combustion mechanism (24 species, 102 reactions); (2) an op-
timized ethanol and acetaldehyde combustion mechanism (49 species, 251 reactions); (3)
a joint C1/C2 alcohol and aldehyde combustion mechanism (49 species, 272 reactions).
These optimized models and the corresponding covariance matrices of the optimized pa-
rameters can be considered the best representation of the kinetic information that can be
extracted from the utilized data. They are considered to be very suitable starting points
for subsequent mechanism reductions and computational fluid dynamics (CFD) modeling
applications.
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Kivonat
Újabban megnőtt az érdeklődés a bioüzemanyagok égésének tanulmányozása iránt a
fosszilis üzemanyagok használatával kapcsolatos környezetvédelmi aggodalmak miatt.
A metanol és az etanol a két legkisebb molekulájú alkohol, és ezeket elő lehet
állítani megújuló forrásokból is. Helyettesíthetik a fosszilis üzemanyagokat belsőégésű
motorokban, és ezeket már eddig is számos alkalmazási területen és földrajzi régióban
használják. Ráadásul a metanol ígéretes energiahordozó, amelynek felhasználásával
tárolható a megújuló energiaforrásokkal termelt elektromos energia.

Annak ellenére, hogy az elmúlt két évtizedben számos részletes reakciómechanizmust
közöltek alkoholok égésének leírására, még mindig nagyok az eltérések az ezen
mechanizmusok alapján kapott szimulációs eredmények és az égési kísérletek eredményei
között. Ebben az értekezésben a Turányi és munkatársai által kidolgozott optimizációs
módszert alkalmaztuk arra, hogy kifejlesszünk jobb modelleket kis alkoholok égésének
leírására. Lokális érzékenységanalízissel azonosítottuk a fontos elemi reakciókat,
és új, optimalizált reakciósebességi paramétereket határoztunk meg egy globális
minimumkeresési eljárással. Nagy számú kísérleti adatot gyűjtöttünk össze a szak-
irodalomból a metanol, etanol, formaldehid és acetaldehid égésére. Ezek között
voltak gyulladási időre, lamináris lángsebességre és koncentrációprofilokra vonatkozó
úgynevezett közvetett mérési adatok (összesen 40.904 adatpont 489 adatsorban), valamint
reakciósebességi együtthatók meghatározása kísérleti (1660 adatpont 122 adatsorban) és
elméleti (76 adatsor) módszerekkel.

Az optimalizációs eljárás eredményeképpen megkaptuk az optimalizált sebességi
paraméterek illesztett értékét és kovarianciamátrixát, amely meghatározza az optimalizált
sebességi együtthatók hőmérsékletfüggő bizonytalansági tartományát. Az optimalizált
reakciómechanizmusokat összehasonlítottuk számos közölt reakciómechanizmussal. Az
optimalizált reakciómechanizmusokkal kaptuk meg összességében a legjobb leírását az
elérhető kísérleti adatoknak a megfelelő égési rendszerekben, és a kapott optimalizált
sebességi paraméterek összhangban vannak az irodalomban elfogadott értékükkel.

Az értekezés három esettanulmányt mutat be: (1) egy részletes metanol és formaldehid
égési mechanizmus (24 anyagfajta 102 reakciója); (2) egy optimalizált etanol és
acetaldehid égési mechanizmus (49 anyagfajta 251 reakciója); (3) egy közös C1/C2
alkohol és aldehid égési mechanizmus (49 anyagfajta 272 reakciója) optimalizációját. Az
optimalizált modellek és a hozzájuk tartozó kovarianciamátrixok a legjobb megfelelői
annak a kinetikai információnak, amely a felhasznált adatokból kinyerhető. Ezeket a
részletes reakciómechanizmusokat mechanizmusredukciós eljárások alkalmazása után fel
lehet majd használni áramlásdinamikai (CFD) számításokban.
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Chapter 1

Introduction

“Jim, we all know you have a telephone to god.”
Michael J. Frenklach during the 2nd International Workshop on Flame Chemistry, August 3, 2014

Despite the recent advances of solar energy, wind and water power as well as other
renewable energies, combustion is still the dominant process for power production in the
world and and accounts for about 90% of energy used for transportation, electrical power
and heating [12]. The supply of energy historically played (and still plays) a crucial role
in the development of all industrialized countries.

In view of the limited availability of most fossil resources, energy research with focus
on studying combustion of potential biofuels has been going on for decades. Increasing the
efficiency of fuel utilization and reducing pollutant emissions are the major research ob-
jectives in combustion science and industrial research and development. To achieve these
goals, a sufficiently accurate description of the complex oxidation chemistry of C/H/O
fuels is inevitable and a requirement for the development of high-quality computational
fluid dynamics (CFD) models, that can describe all kinds of combustion processes.

Ethanol is not only known as a component of many beverages that contribute to human
relaxation and sociability, it is also widely used as an alternative fuel and gasoline additive.
It is a renewable fuel when produced from agricultural feedstock such as corn, sugarcane
or potato. In the past decade, a considerable growth in the worldwide production of fuel
ethanol was observed, with the United States being the most notable producer, followed
by Brazil, the European Union, and China [13]. While 5–10% v/v ethanol addition to
gasoline is common in most industrialized countries today, E15 (a fuel blend of 15% v/v
ethanol and 85% v/v gasoline) is available only in some countries, and E85 or pure ethanol
has gained a high importance in countries such as Sweden or Brazil.

Methanol is used as an alternative automotive fuel, as a fuel additive boosting the
octane number of gasoline and as a feedstock for various chemical processes. It can
be considered a model fuel in chemical kinetic studies of C1 combustion, with ĊH2OH
and CH3Ȯ being important radicals in this system. Methanol produced from fossil feed-
stock, obtained by gasification of hydrocarbons forming syngas, followed by conventional
methanol synthesis, is still the dominant industrial process for methanol production to-
day. However, methanol can also be produced from renewable sources, e.g. if the syngas
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originates from the gasification of organic matter. Power-to-Methanol is a promising
technology for the storage of excess electricity from renewable sources that offers sev-
eral advantages compared to chemical storage of energy in gases such as hydrogen or
methane [14]. The Power-to-Methanol concept, in which CO2 reacts with H2 from water
electrolysis, has the potential to make a significant contribution towards the reduction of
the greenhouse gas CO2. The first commercial scale plant – named after the Hungarian-
American Nobel Prize Laureate György Oláh – that converts CO2 into renewable methanol
was commissioned in 2011, and has an annual capacity of 5 million liter [15].

In spite of the widespread use of ethanol and methanol in automotive engines and
substantial efforts in recent years to elucidate the chemistry of their combustion that have
led to the development of several kinetic mechanisms (see [16] for an overview), not all
details are fully understood. Describing the combustion kinetics of these alcohol fuels and
the related aldehyde fuel systems (formaldehyde and acetaldehyde) with higher accuracy
has a high scientific and practical significance and can contribute to the development of
more efficient car engines with lower pollutant emissions.

A hierarchical relationship between the combustion systems of large hydrocarbon
molecules and smaller fuel molecules exists [17]. Chemical reactions that describe the
combustion of hydrogen, carbon monoxide and formaldehyde also play a crucial role in
the high-temperature combustion of other fuel molecules. Key intermediates such as the
above mentioned ĊH2OH and CH3Ȯ radicals have a similarly high importance. It is com-
monly accepted that a solid understanding of the chemistry of small C/H/O molecules is
required to describe the combustion of larger molecules in a physically realistic manner.
Figure 1.1 presents a simplified depiction of the hierarchical relationships between differ-
ent combustion systems, highlighting those investigated in this dissertation in dark gray,
and those investigated in preliminary studies of Turányi and co-workers that are related
to this work [5, 6] in light gray.

Figure 1.1: Hierarchical order of combustion mechanisms (adapted from [17]). Mecha-
nisms describing the combustion of larger fuels contain subsets of reactions for species that
are placed below them in this scheme, and are strongly dependent on their parameters.
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When investigating the ability of published combustion mechanisms to reproduce ex-
perimental data, large discrepancies in the reactivity predictions of these reaction mech-
anisms can be observed. The prevailing lack of agreement between experimental data
and many model simulations using detailed kinetic mechanisms was the main motivation
behind the present dissertation that describes the development of new, systematically
optimized detailed mechanisms for methanol, formaldehyde, ethanol and acetaldehyde
combustion. The mechanisms presented in this work are built upon previously published
optimized hydrogen and syngas combustion mechanisms [5, 6].

Access to accurate kinetic information is of paramount importance in the development
of robust chemical mechanisms that are capable of reproducing large sets of experimental
data covering wide ranges of conditions. The quote at the beginning of this chapter, with
which one of the most distinguished combustion researchers in the last decades, Michael J.
Frenklach, once addressed another brilliant mind in combustion, James (“Jim”) A. Miller,
illustrates this fact in a satirical manner.

3



Chapter 2

Literature overview

In this chapter, the theoretical basis of the dissertation will be developed. Some basic
quantities used in the field of chemical kinetics will be introduced in Section 2.1, followed
by a description of the governing equations used in the various modeling approaches
in Section 2.2. The concept of mechanism improvement by means of optimization will
be introduced Section 2.3. A special emphasis will be placed on the description of the
optimization method of Turányi and co-workers (Section 2.3.3), as this is the method of
choice in the following chapter.

2.1 Reaction kinetics basics
Chemical processes can be described by kinetic reaction mechanisms, often consisting of
several hundreds or thousands of reaction steps involving dozens or hundreds of chemical
species. A detailed kinetic reaction mechanism contains stoichiometric equations, i.e.
reactions fulfilling

∑
j

νLijAj =
∑
j

νRijAj. (2.1)

In the above equation, νLij and νRij are the left- and right-hand side stoichiometric co-
efficients of the reaction, Aj is the formula of the j-th species in the overall reaction
equation, and i is the reaction step index. Reaction mechanisms furthermore contain rate
coefficients for each of the reaction steps. The reaction rate coefficient k provides a quan-
tification of the rate of chemical reactions, i.e. it expresses how fast species are formed or
depleted in the course of a reaction. Rate coefficients can be constant quantities, i.e. they
are valid at given conditions of the reactions (e.g. temperature, pressure), or functions
of the actual temperature, pressure, gas composition, etc. The physical dimension of the
rate coefficient depends on the overall order of the reaction step α, and can be expressed
in a general way as (concentration)(1−α) × (time)−1. With mol cm−3 as a unit for con-
centration and s as a unit for time, the unit of the reaction coefficient follows as s−1 for
a first order reaction, cm3 mol−1 s−1 for a second order reaction and cm6 mol−2 s−1 for a
third order reaction.

In analogy to mathematical equations, equal signs are often used for chemical reac-
tions. There are two types of reactions that have to be distinguished: reversible reactions
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(A −−⇀↽−− B is used in chemical nomenclature) and irreversible reactions (A −−→ B). In the
forthcoming text, the equal sign ( = ) is used as a shortcut for the double arrow ( −−⇀↽−− ),
i.e. it describes a reversible reaction.

Arrhenius equation, temperature and pressure dependence of the rate coeffi-
cient

A result of many kinetic experiments and theoretical studies is that the reaction rate
coefficients of elementary reactions are not independent of temperature and pressure. The
Arrhenius equation is a simple formula to describe the temperature dependence of the rate
coefficient k(T ). Its modified version

k(T ) = A {T}n exp(−EA/RT ) = A {T}n exp(−ε/T ), (2.2)

differs from the standard one by the dimensionless factor {T}n that introduces a direct
temperature dependence of the pre-exponential factor A. Instead of the activation energy
EA one may also use the activation temperature ε. The CHEMKIN-II format [18], a widely-
used standard in kinetic modeling, requires the definition of three parameters A, n, EA to
properly define the temperature-dependent rate coefficient k(T ) of pressure-independent
elementary reactions in a kinetic reaction mechanism.

The rate coefficients of many reactions also depend on the pressure. Typical examples
for pressure dependence of rate coefficients include those of unimolecular dissociation and
complex-forming bimolecular recombination reactions. These dependences indicate that
such reactions occur through complex processes. Different attempts with a varying degree
of complexity have been made to describe the pressure dependence of chemical reactions.
Approaches such as those of Lindemann et al. [19], Gilbert et al. [20], Stewart et al. [21]
include the definition of low- and high-pressure reaction rate parameters

k0 = k0(T ) = A0 {T}n0 exp(−EA,0/RT )
k∞ = k∞(T ) = A∞ {T}n∞ exp(−EA,∞/RT )

(2.3)

with the subscript 0 for the low- and ∞ for the high-pressure limit. Furthermore, some
kind of expression is provided to describe the fall-off behavior between these two limits.
The rate coefficient at any mid-range pressure can be calculated by

k = k∞

(
Pr

1 + Pr

)
F, (2.4)

with the reduced pressure Pr defined as

Pr = k0[M]
k∞

. (2.5)

In the above equation, F is a blending function, and [M] is the effective concentration of
the third body collision partner. Both will be discussed further below.

The first (and still used) parametrization was proposed by Lindemann [19] and further
developed by Hinshelwood. Its basic assumption, when applied to a bimolecular reaction,
is that the molecule AB* formed during an association reaction of A + B has enough
internal energy to dissociate back into the reactants. The newly formed excited molecule
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is able to stabilize by collision with a third body molecule M, i.e. it loses its excess energy
and forms the product molecule P. The below reactions describe this process.

A + B −−→ AB∗

AB∗ −−→ A + B
AB∗ + M −−→ P + M

(2.6)

Thermally activated unimolecular decomposition reactions can be handled in a similar
fashion and shall not be discussed here.

In the Lindemann-Hinshelwood model, F = 1 in Eq. (2.4). The simplicity of this model
is compelling, however, it was found that it is rather inaccurate in the fall-off region. To
address this issue, further models were developed to describe observations made in kinetic
experiments and theoretical results with a higher degree of accuracy. Gilbert et al. [20]
developed a theory for weak collisions in the fall-off region. Based on this theory, the so
called Troe form was developed, and it is the most widely used approach in combustion
modeling for the description of pressure-dependent reactions involving small molecules.
In the Troe form,

logF =
1 +

[
logPr + c

n− d(logPr + c)

]2
−1

logFcent, (2.7)

with the constants c, n, and d defined as

c = −0.4− 0.67 logFcent
n = 0.75− 1.27 logFcent

d = 0.14,
(2.8)

and

Fcent = (1− α) exp(−T/T ∗∗∗) + α exp(−T/T ∗) + exp(−T ∗∗/T ). (2.9)

The parameters α, T ∗∗∗, T ∗ and T ∗∗ have to be provided as additional input values,
i.e. they appear in the reaction mechanism. In addition to the above four-parameter
Troe form, a three-parameter form without T ∗∗ may be defined. As Turányi and Tomlin
[22, Chapter 2] show, using both the Lindemann and Troe models, the calculated rate
coefficients converge to the low- and the high-pressure limit rate coefficients at low and
high pressures, respectively. In the fall-off region, rate coefficients obtained with the Troe
form are lower than with the classic Lindemann model.

A modification of the blending function by Stewart et al. [21] became known as the
SRI form:

F = d

[
a exp

(
−b
T

)
+ exp

(
−b
T

)]X
T e (2.10)

with the constant

X = 1
1 + (logPr)2) (2.11)
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While the use of input parameters a, b and c was originally suggested by Stewart et al.
[21], d and e are later additions to correct for weaker collisions [23].

Rate coefficients in the fall-off region can be accurately represented by the Troe and
SRI forms [22], but only in the case of single-well potential energy surfaces, as Venkatesh
et al. [24] pointed out. For more complex reactions, advanced approaches such as the
log p (or PLOG) formalism or the use of Chebyshev polynomials [24] may be beneficial.
A brief discussion of these approaches and further references can be found in Turányi and
Tomlin [22, Chapter 2].

Uncertainty of rate coefficients

All descriptions of rate coefficients possess some inherent uncertainty as a consequence
of their experimental determination method or due to assumptions made in theoretical
modeling of elementary reactions. The uncertainty factor f is a commonly used quantity
in combustion chemistry to describe these uncertainties:

f(T ) = log10

(
(k0(T )/kmin(T )

)
= log10

(
(kmax(T )/k0(T )

)
. (2.12)

Values outside the uncertainty limits kmax and kmin are considered to be highly unlikely,
while k0 is the most probable rate coefficient value. Typically, f values are the results
of extensive reviews of published rate coefficients, e.g. [25, 26]. If a reaction is well-
studied and similar results were obtained from various measurements, it is justified to
assume small f values. As Turányi and Tomlin [22] discussed, even for well-known rate
coefficients, f values of 0.1 and 0.3 are found frequently in the literature. These f values
correspond to an approximate rate coefficient uncertainty of 8% and 26% at the 1σ level,
and multiplication factors of 1.26 and 2.00 at the 3σ level, respectively.

Assuming 3σ deviations for kmax and kmin, the above equation can be converted into
the variance of the natural logarithm of k [27]:

3σ(ln k) = f ln 10, (2.13)

σ2(ln k) =
(
f ln 10

3

)2

. (2.14)

Assuming that ln k is normally distributed, this equation can serve as the basis for defining
the probability density function (pdf ) of a rate coefficient.

Stoichiometry

For the interpretation of experimental results as well as for simulation purposes, it is
necessary know the composition of a reactive mixture. The equivalence ratio establishes
a quantitative relation between the amount of fuel and oxidizer (usually O2) present in
the mixture. For oxidizer O2 it is defined by:

ϕ = mfuel/mO2

(mfuel/mO2)stoich
= nfuel/nO2

(nfuel/nO2)stoich
. (2.15)
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By taking into account the stoichiometry of a specific fuel system under investigation and
when replacing mole ratios by mole fractions, Equation Eq. (2.15) can be simplified to

ϕ = aXfuel

XO2

. (2.16)

with the multiplication factors a = 1.5 for methanol, a = 1 for formaldehyde, a = 3 for
ethanol and a = 2.5 for acetaldehyde. Similar simplified equations can be derived for
mixtures of fuels. Values of ϕ<1 are referred to as fuel-lean or “under-stoichiometric”
conditions (i.e. less O2 is available than needed for complete combustion), while fuel-rich
or “over-stoichiometric” conditions (i.e. more O2 is available than needed for complete
combustion) are expressed by ϕ>1. Consequently, stoichiometric conditions are at ϕ=1.

2.2 Modeling combustion experiments
The governing equations used in simulations of combustion experiments can be found in
various sources in the literature (e.g [23]). The focus of this chapter is rather on pre-
senting an overview of the modeling approaches which form the basis of all the numerical
simulations carried out for the purpose of the present dissertation.

2.2.1 Homogeneous models
In combustion modeling, spatially homogenous models are used frequently to simulate
simple experimental setups. In these models, the differential equation describing the rate
of change of molar concentration c of chemical species j is given by

dcj
dt =

Nr∑
i=1

νij · ri −
cj
V

dV
dt , (2.17)

where νij = νRij − νLij, ri is the volume-divided rate of the i-th reaction and Nr is the
number of reactions in a given mechanism. The second term on the right-hand side of the
equation accounts for volume change that may occur in the system.

In addition to the differential equations describing the changes of species concentra-
tions (Eq. (2.17)), further equations have to be solved for the physical properties (pressure,
temperature, volume, enthalpy) of the system. Some of these (in combustion typically
enthalpy and either pressure or volume) may be held constant.

In a closed system, the adiabatic–isochoric (i.e. dQ = 0 and V = const.) equations of
state can be written as

dT
dt = 1

cV

Nr∑
i=1

∆rUi · ri, (2.18)

dp
dt = R

dT
dt

Ns∑
j=1

cj + T
Nr∑
i=1

∆rνi · ri

 . (2.19)

In a closed, adiabatic–isobaric (i.e. dQ = 0 and p = const.) system the temperature is
the only physical state variable. Its change is defined by
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dT
dt = 1

cp

Nr∑
i=1

∆rHi · ri, (2.20)

In the above equations, ∆rUi is the change of internal energy, ∆rHi is the enthalpy of
reaction and ∆rνi the change of the number of moles due to reaction i, which is defined
as

∆rνi =
Ns∑
j=1

νij. (2.21)

In most of the simulations carried out for the purpose of this work, the volume is kept
constant, i.e. the adiabatic–isochoric equations (Eqs. (2.18) and (2.19)) are solved. In
some cases, which are to be described in the following sub-sections, data on the time
dependence of the volume are available and can be used to model compression or expansion
inside the reactor domain.

2.2.2 Shock tubes
A shock tube (frequently abbreviated with ST in this work) is a device for the study of
combustion processes, particularly the ignition of homogenous mixtures. Shock tubes are
usually operated in a temperature range from 900 K to 2500 K and at pressures of 0.1–50
atm, although specialized devices covering a wider range of experimental conditions exist.
Shock tubes are frequently used to obtain information on time-to-ignition (i.e. ignition
delay times) or to determine reaction rate coefficients by evaluating the measured signals
using a skeleton mechanism [28].

A shock tube is a long, cylindrical tube that typically consists of a driver section
(containing the driver gas, usually an inert gas) and a driven section (containing the
test gas). If the diaphragm that is placed between these two sections is ruptured, a
shock wave forms as a result of the pressure difference between the two sections, and
will travel through the driven section, thereby heating and compressing the gas inside.
The propagating shock wave is reflected from the end wall and again crosses the test gas,
making it nearly stationary [28]. In this phase, roughly for 1–2 ms, the system is nearly
adiabatic. Windows (for accessing the domain with optical diagnostics) and other ports
(e.g. for pressure transducers) may be located near the end wall or along the length of the
shock tube. From the signal of the pressure transducers, the velocity of the shock wave
can be obtained, which is a necessary input to calculate the pressure and temperature
behind the reflected shock wave from the initial state of the gas.

Shock tube experiments are often carried out at high temperatures, therefore, in many
cases an ignition event occurs. The ignition is accompanied by sharp increases in pressure
and the concentrations of certain radicals, e.g. ȮH or ĊH. Frequently the concentration
profiles of these radicals are measured due to the fact that their electronic transitions
can be detected easily. One of these signals may be chosen as the basis for the definition
of the ignition delay time, i.e. the time between the reflection of the shockwave and
the occurrence of the ignition event. Commonly used definitions include the time of the
maximum slope of pressure or a radical concentration, or the maximum concentration of
a radical species. In many experimental publications, the recorded signal is extrapolated
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from the maximum slope towards the baseline, i.e. the level of the signal before the onset
of ignition.

The description of the state of the gas mixture behind the reflected shock wave as
ideal gas is a reasonable assumption in most cases. Shock tube experiments are typically
modeled as homogenous, adiabatic and isochoric systems (see Eqs. (2.18) and (2.19)).
However, several authors have reported that the gas mixture behaves non-adiabatic at
long ignition delay times, see Chaos and Dryer [29] for a comprehensive overview. An
increase of the pressure behind the shock wave was found, which is due to the attenuation
of the shock wave. The higher pressure increases the reactivity of the gas mixture which
leads to shorter ignition delay times compared to the truly adiabatic case. Long ignition
delays (about 1–2 ms) are usually observed in experiments at low temperature (typically
T < 1000 K) behind the reflected shock wave. More accurate simulation results at these
conditions can be obtained by modeling an isentropic compression process, i.e. accounting
for the rise in pressure that can be recorded during an experiment. The volume change
during the isentropic compression can be expressed in a general way by [29]:

V (t) = V0

ρ0

[
p(t)
p0

]1/γ

, (2.22)

where the index 0 is used to refer to the initial values of volume, density and pressure
(V0, ρ0,p0) and γ = Cp/CV is the isentropic expansion factor. It was found in many shock
tube experiments that for a short time interval, the pressure at the end wall rises nearly
linearly with time after the reflection of the shock wave. In these cases, Eq. (2.22) can be
simplified by introducing the pressure rise rate v with

V (t) = V0

ρ0
[1 + v · t]1/γ . (2.23)

2.2.3 Rapid compression machines
In typical combustion applications such as gas turbine combustors and internal combus-
tion engines, temperatures below 1000 K and pressures of 10–30 atm are prevalent. This
region of operating conditions is characterized by the so called thermal-chain explosion
regime, which is often referred to as mild ignition in the literature. Rapid compression
machines (RCMs) can be utilized to study autoignition processes at low-temperature and
high-pressure conditions. In contrast to real-life internal combustion engines, only a single
compression stroke is carried out in a device with a simplified geometry. As a result of the
compression, temperature and pressure of the gas mixture increase. Different states at the
end of compression can be reached by varying the initial state of the gas and the degree
of compression. Using a RCM, the combustion process can be studied under idealized
engine-like conditions, isolated from cycle-to-cycle variations and in-cylinder effects that
are caused by the residual fuel gas [30]. RCM experiments are considered to be primarily
controlled by the fuel chemistry at the given operating conditions. In RCMs, much longer
ignition delay times (τ = 1–1000 ms) can be measured compared to shock tubes (ranging
from one µs up to a few ms).

In a typical RCM experiment, the pressure of the gas mixture is monitored. During the
evaluation of experimental pressure traces, the compression stroke can be distinguished
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from the subsequent ignition event, which is accompanied by a sharp rise in pressure. In
contrast to the rapidly spreading shock wave in a shock tube, the mechanical compression
stroke of a RCM cannot be considered as almost instantaneous. Significant heat losses
are encountered during the experiments, especially at long ignition delays. These two
phenomena have to be taken into account during simulations. The use of explicitly defined
volume–time histories (VTIM) calculated by Eq. (2.22) from the pressure–time profile
allows to model the compression stroke and heat loss in the system during the simulation.

2.2.4 Flow reactor simulations
A flow reactor is a tubular vessel that can be operated in various different modes. The
reactor may be pressurized or operated at atmospheric pressure. Isothermal or nearly
adiabatic conditions can be achieved, and heating may be applied e.g. by placing the
entire reactor in an oven or by using electrical resistance heaters to control the temperature
of the reaction zone. In other experiments, the gas mixture is preheated and injected
into a thermally insulated reactor. Depending on the experiment, laminar or turbulent
flow conditions can be prevalent in the reactor. The combustible gas mixture is either
premixed before injection, or the fuel is injected separately and diluted with a carrier
gas in a mixer/diffuser unit. In the latter case, the mixing region and the downstream
cylindrical tube section are connected by a conical diffuser.

Flow reactor experiments can be modeled as homogenous constant pressure systems. If
the temperature profile along a tubular reactor is known, explicit time dependence of the
temperature is used in the simulations. Two types of measurements can be distinguished.

Concentration–time measurements

Species concentration profiles versus reaction time are obtained for a given tempera-
ture, pressure and initial gas composition. Such measurements are performed either by
sampling at the reactor outlet and varying the position of the inlet valves, thereby influ-
encing the residence time of the gas in the reactor or by positioning several flow probes
along the reactor axis (the reaction time can be calculated from the position of the probe
along the tube as the gas velocity is known). Probed gas streams are quenched, e.g.
by adding cooling air, and analyzed. The analysis of the gas is typically performed by
means of Fourier-transform infrared spectroscopy or gas chromatography. The obtained
concentration profiles provide valuable insights to the combustion kinetics of the investi-
gated system. However, the time resolution is usually in the order of milliseconds, which
precludes the investigation of fast kinetics e.g. at high temperature.

The exact mixing time is subject of uncertainty, which can be accounted for by shifting
the simulated profiles in order to match the experimental ones. Dryer et al. [31] recom-
mend to use the half depletion time of the fuel as a characteristic time shift criterion for
defining the length of the reaction, although other typical features may also be used (e.g.
if the degree of fuel conversion is less than half). The legitimacy of applying a constant
shift was elaborated in a CFD modeling study [31]. However, it has been noted [31] that
this time shift has the potential to mask the deficiencies of a kinetic model if the obtained
simulation results are qualitatively different from the measurements.
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Outlet concentration measurements

In another type of measurements, the temperature of the reactor is varied and a
single flow probe is located at the outlet of the reactor to measure the change of species
concentrations as a function of temperature. The flow rate at the inlet is kept constant,
resulting in a variable residence time. This residence time is inversely proportional to the
reaction temperature, and a conversion factor is reported for each experimental run.

2.2.5 Jet-stirred reactors
A jet-stirred reactor (JSR) is a small, continuously stirred tank reactor which is very
suitable for kinetic studies. It is typically spherical and thermally insulated. Gases are
injected into the reactor at high velocity, often using several inlets (“jets”) to minimize
the mixing time. The reactor has a single outlet. Stationary conditions for temperature,
pressure, gas residence time and outlet gas composition can be obtained. The idealization
of a jet-stirred reactor is referred to as perfectly stirred reactor (PSR).

In JSR experiments, either temperature or inlet composition are varied between differ-
ent runs. The gas composition at the outlet is determined after the stationary state was
reached. The experiments are modeled as homogenous systems with additional source
terms for gas inlet and outlet. Either constant temperature or adiabaticity are chosen as
an additional modeling assumption. Both approaches give similar results at high dilution
rates that are common in these experiments. For the purpose of this work, adiabatic
simulations were performed.

2.2.6 Laminar burning velocity measurements
The laminar burning velocity describes the spread of a flame front in premixed gas mix-
tures. It is a useful parameter that can aid the characterization of flame stability, flame
stabilization, blow-off and flashback during the detailed engineering of combustion pro-
cesses. Laminar and turbulent burning velocities can be distinguished by means of the
Reynolds number. In chemical kinetics, only laminar premixed flames are studied as the
chemistry of combustion and transport phenomena play a predominant role for their de-
scription, while the flow field affects turbulent flames only. The laminar burning velocity
is a key parameter for the development of detailed reaction mechanisms and can be ob-
tained using a variety of experimental techniques. The most common ones are described
in this section.

Bunsen burner/Flame cone method

The Bunsen burner method (also called flame cone method) is a simple measuring
technique characterized by a premixed gas flow from a cylindrical tube. The reactant
gas mixture is burnt at the upper exit of the burner, creating a cone-shaped stationary
flame. The laminar burning velocity is equal to the normal component of the unburnt
gas velocity. It can be derived by dividing the gas mass flow at the exit by the mass
density of the unburnt gas and the area of the conical flame. The disadvantage of this
method is the non-uniform laminar burning velocity distribution over the cone caused by

12



heat losses to the wall of the tube. Stretch, defined as the fractional rate of change of the
flame surface area due to tangential strain and curvature, largely affects the description
of flame propagation [32] and a correction for stretch is required using linear or non-
linear techniques. As flame strain is the most pronounced at the tip of the flame, it
is advantageous to use tall flames during the experiment. Different techniques for the
determination of the surface area (e.g. Schlieren method, luminosity) can also affect the
measured laminar burning velocity.

Outwardly propagating/ spherically expanding flame approach

In this method, spark-ignition of a combustible gas mixture takes place in the center
of a spherical bomb, resulting in a spherically expanding flame. Due to the instationary
nature of this expanding flame, it is affected by flame stretch. Flame curvature occurs, but
its influence can be mitigated by extrapolation the measured laminar burning velocity to
infinite spherical radius and by limiting the ratio of characteristic flame thickness to flame
radius. Stretch effects can be corrected for small perturbations according to the Markstein
assumption [33, p. 22], which describes the linear relationship between the stretch rate
and the stretched burning velocity. Other stretch correction methods, including non-linear
techniques can also be applied. All these techniques have in common that the unstretched
laminar burning velocity is obtained by extrapolation of the stretched burning velocity to
zero stretch.

Counterflow twin-flame technique

In this experimental configuration, a counterflow is created by two identical, nozzle-
generated flows of the combustible mixture directed against each other [34]. The burner
assembly is heated to ensure the desired preheat temperature of the unburnt mixture.
Stretch correction can be performed in a similar way than for other configurations, either
by linear or non-linear extrapolations depending on the Karlovitz number of the measured
flame, i.e. the ratio of chemical time scale to smallest turbulent time scale (Kolmogorov
time scale).

Heat flux method

In heat flux burners, the flame is stabilized by heat loss to a flat, perforated burner
plate. This heat loss is compensated by heating the burner plate [35], typically to 60 K
above the unburnt gas temperature. Therefore, the net heat loss is nearly equal to zero
(adiabatic situation). The fulfilment of the adiabatic state is ensured by measuring the
temperature distribution over the cross-section of the burner. In the adiabatic case, the
laminar burning velocity is equal to the gas velocity at the inlet. In the actual experiment,
it is inconvenient to adjust the gas flow so it matches the laminar burning velocity exactly.
Instead, the laminar burning velocity is obtained by interpolating the gas velocity to zero
heat flux. The advantage of this heat flux method is that due to the unique configuration
of the experiment a correction of stretch and heat loss is not required, which allows for a
higher accuracy of these measurements. Laminar burning velocities are not obtained by
means of extrapolation, but interpolation.
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Burner-stabilized flame measurements

In this method, developed by Botha and Spalding [36], the burner plate (often a
porous plug) is cooled, thereby stabilizing the flame on the surface of the burner. The
heat flux burner method described above is a further development of the original Spalding-
Botha type burner. A flat velocity profile of the outflowing gas mixture and a fixed-value
temperature profile can be obtained using this technique. Burner-stabilized experiments
are typically carried out at low pressures in the order of tens of mbar and it is possible
with this technology to investigate combustion processes in a temperature range that is
insufficiently covered by other methods [37].

Although it is theoretically possible to measure laminar burning velocities with this
technique, burner-stabilized flame experiments are more commonly carried out to obtain
flame speciation data, more specifically concentration profiles of major species as a func-
tion of the distance from the burner. The gas is typically analyzed by means of molecular
beam sampling coupled with mass spectrometric analysis. The use of a thermocouple for
temperature measurements can result in locally reduced temperatures and possibly also
the alteration of local species concentrations, but has the advantage that the experimental
temperature profiles can be used as a modeling constraint instead of solving the energy
equation [38].

Modeling laminar burning velocities

Freely propagating, premixed flames can be described by one-dimensional simulations,
in which the spatial distribution of species concentrations and the gas temperature are
modeled. The domain is discretized by creating a grid of finite length cells. In each of
these cells, homogeneous conditions are assumed. Mass and heat transport between adja-
cent cells is accounted for. The true, continuous solution can be approximated reasonably
well by increasing the level of grid refinement (i.e. adding more cells to the computational
domain), especially in areas of high gradient and curvature of the modeled species con-
centration and gas temperature profiles. When plotting the simulated laminar burning
velocity against the number of grid points, convergence of the burning velocity value is
typically observed above a few hundred grid points.

2.3 Improvement of combustion models

2.3.1 Introduction
The development of a kinetic mechanism to describe a chemical process involves the defi-
nition of stoichiometries for a number of reaction steps. Parameters describing rate coef-
ficients of these reactions (i.e. the kinetics of these reactions) have to be assigned, as well
as thermodynamic and transport parameters. The determination of the rate parameters
of detailed reaction mechanisms is traditionally based on direct kinetic measurements. In
direct measurements, the obtained experimental results do not depend on more than one
rate coefficient. Using such experiments, rate coefficients of elementary reactions can be
determined directly for a given temperature, pressure and diluent gas. However, to carry
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out such experiments, the experimental conditions have to be selected carefully, and not
all reaction conditions of interest may be accessible with commonly used experimental
methods. One may argue that it is impossible to select experimental conditions in such
a way so the experiment truly determines the rate coefficient of a single reaction and is
not dependent on any other reactions. In many cases, results of direct measurements are
interpreted using a few-step reaction mechanism, assuming that the rate coefficients of
the other reactions are well known at the investigated conditions. Other ways of obtaining
reaction rate coefficients are theoretical calculations and the use of chemical analogies.

Comprehensive evaluations of reaction rate coefficients for a number of elementary
reactions relevant in combustion have been published, e.g. by Warnatz [39], Tsang et
al. [40–44], Baulch et al. [25, 45–47] and Nagy et al. [26]. Even for well known gas
phase elementary reactions, the 1σ uncertainty of rate coefficients is in the order of 10–
30%. Reaction mechanisms that are primarily based on direct measurements are unlikely
to reproduce well the results of indirect measurements. The results of indirect exper-
iments, also called bulk measurements, usually depend on several rate coefficients and
other physico-chemical properties, and a complex chemical model is needed to interpret
the results correctly. Typical examples include measurements of ignition delay times,
laminar burning velocities and species profiles.

The uncertainties inherent to indirect measurements, experimental and theoretical de-
terminations of rate coefficients underline the need for improving chemical models. In the
development of combustion mechanisms, it is a common practice to use rate parameters
extracted from direct measurements or theoretical calculations as a basis for assembling
a mechanism, and to modify these parameters to achieve a satisfactory agreement with
the results of indirect measurements. These modifications are either performed manually
(often involving human knowledge, experience and intuition) or systematically. Curve
Matching [48] is a recently introduced method that can aid the manual mechanism devel-
opment process. In this method, the agreement between experimental data and simulation
results is evaluated not just by comparing the differences in the actual values, but also by
comparing the shapes of the measured and simulated curves, allowing e.g. the identifica-
tion of shifts along the x-axis.

In mechanism development, the term “optimization” refers to a systematic search of
parameter values (often rate parameters, but in principle also thermodynamic or transport
parameters) of a model within their physically realistic domain of uncertainty, aiming at
the best possible reproduction of selected indirect experimental data. The remainder of
this section will deal with methods that can be employed to reach this target.

2.3.2 Overview of optimization methods
The use of mechanism optimization techniques to improve the ability of detailed combus-
tion models to reproduce experimental data follows the ideas of Frenklach and Miller [49–
51]. Work on the optimization of a methane combustion mechanism [52] using polynomial
surrogate models (“response surfaces”) has later led to the development of the GRI-Mech
3.0 [53] for natural gas combustion, including NO formation and reburn chemistry. This
mechanism, containing 325 reactions and 53 species, was obtained by optimizing 31 rate
parameters against 77 targets and is still widely used in combustion modeling. Later,
Frenklach and co-workers developed their optimization methods towards data collabora-
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tion [54–58]. Further extensions were carried out by Wang and co-workers [59–62]. This
work led to the development of the Method of Uncertainty Quantification and Minimiza-
tion using Polynomial Chaos Expansion [63], which was e.g. applied in kinetic studies of
important radical reactions [64, 65].

In all of these optimization methods, a limited number of optimization targets were
chosen based on a representative selection of indirect measurement data. The most influ-
ential rate parameters at these conditions (“active parameters”, such as A-factors, third
body collision efficiencies and enthalpies of formation) were identified using local sensi-
tivity analyses (see also Section 2.3.3.4). In many cases, it was found that the optimized
A-factors approach the edges of their assigned uncertainty intervals. To avoid this, a
penalization of the deviations from the initial values was introduced in more recent works
[58, 62, 63, 66]. This approach implies the assumption that the parameters in the initial
mechanism (which are usually based on direct measurements or theoretical calculations)
are the most probable, therefore “best” values. This assumption is reasonable if the eval-
uation of rate coefficients that has led to the selection of a given set of parameters in the
initial mechanism is based on several good measurements, and questionable if it based on
a small number of possibly conflicting rate determinations.

Another branch of optimization methods was suggested by Cai and Pitsch [67–70],
which includes the optimization of rate rules that can reduce the dimensionality of the
optimization problem for larger combustion systems, while ensuring that the rate coef-
ficients of kinetically similar reactions are consistent with each other. The use of ge-
netic algorithms for the optimization of the parameters of reaction mechanisms [71–75]
is another common approach. A discussion of the genetic algorithm approach and other
optimization methods can be found in [22, 76].

2.3.3 The optimization method of Turányi and co-workers
To address the limitations of the existing optimization methods, Turányi and co-workers
developed a new method [77], which offers the following advantages:

i) All available kinetic information for a given chemical system is utilized, i.e. the
results of indirect and direct measurements as well as theoretical calculations. The
inclusion of reaction rate coefficient determinations as optimization targets replaced
the penalization of the deviation from the recommended values.

ii) All Arrhenius parameters (A, n, E) of the important reactions are optimized within
physically realistic uncertainty limits, instead of A-factors only. Also, third body
collision efficiencies and other types of parameters can be optimized in the same
manner.

iii) A new algorithm is used for the generation of response surfaces and for the global
parameter estimation. Response surfaces are utilized to replace computationally
expensive flame calculations only. The more accurate direct integration is used in
all homogeneous simulations.

iv) The temperature-dependent uncertainties of the optimized rate coefficients are cal-
culated and compared to those obtained determined prior to optimization.
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As the approach of Turányi and co-workers is the method of choice in the present disser-
tation, it will be described in more detail.

2.3.3.1 Overview

The optimization method consist of six steps [77]:

(a) Collection of indirect measurements data
All available indirect measurement data are collected from the literature. Their scatter
error is determined by calculating the standard deviation of the data points from the best
polynomial or spline fit (see Section 2.3.3.3). Using a complex kinetic mechanism (the
initial mechanism for optimization) simulations of these measurements are performed. All
data have to be reviewed thoroughly as outlying data points can have a negative impact
on the fitting procedure in the following steps.

(b) Sensitivity analysis
Local sensitivity analysis is carried out to identify the most influential reactions (see
Section 2.3.3.4).

(c) Selection of rate parameters to be optimized
Rate parameters of the most sensitive reactions are selected for optimization. All three
Arrhenius parameters and additional parameters may be selected, though e.g. if the
temperature dependence of a rate coefficient is weak, it may be sufficient to optimize
A-factors only.

(d) Collection of direct measurement data and theoretical rate determinations
If available, direct measurements and theoretical calculations of the selected rate coeffi-
cients are collected from literature and reviewed. Rate coefficients of elementary reactions
are typically reported as a function of temperature, and if required, of pressure and bath
gas. Other independent variables may be specified as well (e.g. molar compositions).

(e) Estimation of the prior uncertainty domain of the Arrhenius parameters
The minimum and maximum values of the rate coefficients kmin and kmax are determined
at several temperatures. By applying the method of Nagy and Turányi [78], which starts
from Eq. (2.13) (see Section 2.3.3.5 for a description), the approximate probability den-
sity functions of the Arrhenius parameters as well as kmin(T ) and kmax(T ) curves are
constructed. Values of the pdf are set to zero for combinations of Arrhenius parameters
where k(T ) is outside the range defined by kmin(T ) and kmax(T ).

(f) Determination of the optimal set of parameters and the joint covariance matrix
of the optimized parameters
By using an appropriate global optimization method [77], an objective function (Eq. (2.24))
is minimized. Thousands of parameter samples are evaluated to find the optimal set of
parameters. The optimization aims at approaching the “real” physical values rather than
finding the best fit for a limited set of measurement data. The process of converging
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towards the optimal set of parameters may be accelerated by devising an optimization
strategy in such a way that reactions to be optimized are taken into account in a step-by-
step manner, by increasing number of reactions that are influential for the corresponding
subset of optimization targets in each step. Finally, the joint posterior covariance matrix
of all optimized parameters is calculated. As described in [76], this is a much better
characterization of the joint uncertainty of the optimized rate parameters in comparison
to the conventional uncertainty parameter f , which is provided independently for each
considered elementary reaction. In addition to this, f is a less established measure of the
prior uncertainty.

Figure 2.1 shows a simplified flowchart of the algorithm. The structure of the sections in
which the two main case studies of this dissertation (Sections 3.3 and 3.4) are described
follows the logic of this algorithm. The following sub-sections describe some of the key
aspects of the method of Turányi and co-workers in more detail.

Collection of indirect
measurements

Selection of reaction
rate parameters

to be optimized

Sensitivity analysis

Collection of reaction rate 
coefficient determinations
Direct measurements, theoretical calculations

Estimation of the
prior uncertainty domain

of the Arrhenius parameters

Determination of the optimal set of parameters
• Minimization of the objective function by using a global optimization method
• Calculation of the posterior covariance matrix of all optimized parameters

Figure 2.1: Simplified flowchart describing the optimization method of Turányi and
co-workers.

2.3.3.2 Objective function and the covariance matrix of rate parameters

The following objective function was defined by Turányi et al. [77] to characterize the
agreement between simulations and measurements:

E(p) = 1
N

N∑
i=1

1
Ni

Ni∑
j=1

Y mod
ij (p)− Y exp

ij

σ
(
Y exp
ij

)
2

. (2.24)
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In the above equation, N is the number of datasets and Ni the number of data points in
the i-th dataset. The value yexp

ij (Y exp
ij after a transformation) is the j-th measured data

point in the i-th dataset. For indirect measurement data, the modeled value is Y mod
ij ,

which is obtained from a simulation using an appropriate detailed mechanism, belongs
to a given set of rate parameters denoted by vector p. In the case of y being a directly
measured or theoretically determined rate coefficient, Y mod

ij corresponds to the calculated
rate coefficient at a given temperature, pressure and gas composition. If p includes the
parameters of a kinetic model that is not further optimized (e.g. a published reaction
mechanism), the term “error function” can be used for E, although this term can be used
in principle also in the context of optimization.

A transformation yij → Yij is needed, and the transformation rule depends on the
nature of the error. Constant absolute error, i.e. σ(yexp

ij ) is identical for all data points j
within dataset i, can be assumed for the measured laminar burning velocities and species
profiles (Yij = yij). On the contrary, constant relative error, i.e. all data points j within
dataset i having an identical σ(ln yexp

ij ), can be assumed for ignition delay data and reaction
rate coefficients (Yij = ln yij). The detailed reasoning behind these choices was provided
in [3]. The described transformations can be summarized as:

Yij =

 yij if σ
(
yexp
ij

)
≈ constant

ln yij if σ
(
ln yexp

ij

)
≈ constant

. (2.25)

A single index k running through all data points and the unified weight µk = 1/(N ·Nk)
are introduced. Equation (2.24) can then be simplified to

E(p) =
N∑
k=1

µk

(
Y mod
k (p)− Y exp

k

σ (Y exp
k )

)2

. (2.26)

By introducing matrix–vector notation that is indicated by bold, non-italic letters, this
expression can be further condensed to

E(p) = (Ymod(p)−Yexp)TWΣY
−1(Ymod(p)−Yexp), (2.27)

with the column vectors Ymod(p) and Yexp containing the values of Y mod
k (p) and Y exp

k

as well as the diagonal matrices W and ΣY of the weights µk and variances σ2 (Y exp
k ),

respectively. The covariance matrix of the fitted parameters Σp is described by

Σp =
[
(JTWΣY

−1J)−1JTWΣY
−1
]

(ΣY + Σ∆)
[
(JTWΣY

−1J)−1JTWΣY
−1
]T
. (2.28)

An extensive mathematical derivation of Eq. (2.28) starting from the differentiation of
Eq. (2.26) is provided in [77] and shall not be repeated here. Σ∆ takes into account the
systematic discrepancies between the model and the measurement as well as the scatter of
the data, and ΣY represents the covariance matrix of the experiments [77]. The equation
also contains the Jacobian J, which is the derivative matrix of Ymod with respect to the
optimal p, Σ∆ ≈ ∆YYT and ∆Y ≈ Ymod−Yexp (the overline indicating an expectation
value).

By introducing the transformed parameters κ(T ) := ln{k}, α := ln{A} and ε :=
{E/R}, the linearized form of the modified Arrhenius equation can be written as
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κ(T ) = α + n ln{T} − εT−1. (2.29)

Again, the operator {} means that the quantity is dimensionless. For a given reaction i,
the vector of the transformed Arrhenius parameters can be written as pi := (αi, ni, ε)T.
With Θ := (1, ln{T},−T−1)T follows

κi(T ) = pT
i Θ = ΘTpi (2.30)

The covariance matrix of the Arrhenius parameters can be denoted as

Σp =

 σ2
α rαnσα σn rαεσα σε

rαnσα σn σ2
n rnεσnσε

rαεσα σε rnεσnσε σ2
ε

 . (2.31)

In the next step, a connection between Σp and a more traditional uncertainty measure
used in chemical kinetics shall be established. By using linear error propagation, the
following relation between the variance of κ and the elements of the covariance matrix
can be deduced [78]:

σ2
κ(T ) = σ2

α + σ2
εT
−2 + σ2

n ln2 T − 2rαεσα σεT−1 − 2rnεσnσεT−1 + 2rαnσα σn lnT. (2.32)

In other words, the temperature-dependent uncertainty of a rate coefficient can be calcu-
lated from the covariance matrix of the Arrhenius parameters. The covariance between
two transformed rate coefficients κi and κk at a given temperature T can be defined as
[77]:

cov(κi(T ), κk(T )) = ΘTΣpi,pk
Θ. (2.33)

Here, Σpi,pk
denotes a block of the matrix Σp containing the covariances of the Arrhenius

parameters corresponding to reactions i and k. Setting i = k provides the variance
σ2 (ln ki(T )), which can be converted into the uncertainty parameter f using Eq. (2.14).
As Turányi et al. [77] pointed out, f(T ) derived this way has a statistical background and
has been deduced directly from experimental data.

2.3.3.3 Estimation of the standard deviation of experimental data

The standard deviation that is characteristic for a dataset can be estimated by the scatter
of the deviations between the data points and a fitted function. The unbiased estimated
standard deviation σ of dataset i, σi, was determined by least-square-fitting of a poly-
nomial or spline function to the experimental data that was plotted against the changed
variable, e.g. temperature, pressure or equivalence ratio, assuming that experimental data
without statistical error would be a smooth function of these conditions.

σi =

√√√√√√
Ni∑
j=1

(
ŷij − yexp

ij

)2

NDOF
. (2.34)
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For an o-th order polynomial fit, the number of degrees of freedom in Eq. (2.34) is NDOF =
Ni − (o+ 1). For spline fits, NDOF = Ni − 2nseg if nseg spline segments are used, which is
equivalent to NDOF = Ni− 2(nsp− 1), if the number of spline points is nsp = nseg− 1. To
avoid overfitting, the maximum order of the applied polynomial or spline function has to
be chosen depending on the number of fitted data points.

The unbiased root-mean-square deviation (RMSD) is defined as:

RMSD =

√√√√√√
Ni∑
j=1

(
ŷij − yexp

ij

)2

Ni

. (2.35)

When combining Eqs. (2.34) and (2.35), it follows after some rearrangement:

σi = RMSD
√

Ni

NDOF
. (2.36)

The RMSD for polynomial and spline fits can be calculated using the fitting code
minimal_spline_fit developed by Tibor Nagy. It is available online [79].

Inevitably, the calculated values of the objective function (see Eq. (2.24)) are largely
affected by the assumed scatter errors. To account for the real uncertainty of the data
in a more accurate way – and not only the statistical errors – the experimental error (if
reported) is considered via

σi =
√
σ2
i,stat + σ2

i,exp. (2.37)
This definition of σi is not part of the original treatment developed by Turányi and co-
workers, but was introduced be the author of this dissertation in [2], and described in
more detail in [1].

For many measurements (particularly for measurements of ignition delay time, and
speciation data measured in shock tubes and JSRs), such experimental errors were not
reported and σi = σi,stat had to be used, as in the previous studies of Turányi et al. [3–6].
In some cases, the calculated standard deviations were unrealistically low and minimal
values were assigned to σi:

• Ignition delay time data: 10% relative error (in [1], a minimum of 20% was used for
data measured in the 1970s and early 1980s),
• Speciation data: 1% of the highest measured concentration (10% for flow reactor

concentration–time data)
• Laminar burning velocity data: 1 cm/s

2.3.3.4 Sensitivity analysis

Sensitivity analysis can be used to investigate the relationship between the values of the
input parameters of a mathematical model, and its predictions [22]. The most important
reaction steps in a complex mechanism can be identified with the help of this method.
Sensitivity analysis has to be distinguished from uncertainty analysis, a method used to
determine the propagation of the model input uncertainty to the predictive uncertainty
of the model output.
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It shall be assumed that a chemical kinetic problem can be described with the following
system of ordinary differential equations [80]:

dZ
dt = F(Z, t; a), (2.38)

where Z stands for the vector of temperature and mass fractions, t is the independent
variable time and a is a parameter vector representing the pre-exponential factors A of all
elementary reactions. Differentiating Eq. (2.38) and introducing the first-order sensitivity
coefficient wk,i = ∂Zl/∂ai yields to the linear equation for the sensitivity coefficients [80]:

dwk,i

dt = ∂F
∂Z
·wk,i + ∂Fk

∂ai
. (2.39)

In this equation, the indices k and i refer to the dependent variables and reactions,
respectively. The Jacobian matrix ∂F/∂Z is available for the original modeling problem,
which is the reason why local sensitivity analysis is readily implemented in computer codes
such as SENKIN, which is part of the CHEMKIN-II package. In SENKIN, the direct decoupled
method is used to approximate the linear sensitivity coefficients that is computationally
less expensive than e.g. the brute force method (for details see [22]). As mentioned by Lutz
et al. [80], the matrices ∂F/∂Z and ∂Fk/∂ai are solved explicitly using a finite difference
method, which has an influence on the accuracy of the computed sensitivity coefficients.

Sensitivity analysis allows to determine the influence of the system parameters – in
the case of kinetic mechanisms e.g. reaction rate parameters – on the solution of a given
problem e.g. concentration, temperature or velocity profiles. In many cases, compara-
tively slow reactions turn out to be rate-limiting or rate-determining (i.e. have a high
sensitivity) rather than fast reactions [12].

Sensitivity coefficients are scaled by dividing each value by the maximum absolute
sensitivity coefficient for a given data point. By ordering sensitivity coefficients, it is
possible to rank the importance of model input parameters in terms of their contribution
to the overall output uncertainty [76]. This is an important step when selecting rate
parameters to be optimized. If sensitivity coefficients are calculated for a large number
of experimental conditions, it is meaningful to calculate average sensitivities. As the
scaled sensitivity coefficients typically range from -1 to +1, it is advantageous to calculate
averages based on the absolute sensitivity coefficient values (|S̄|) to avoid that positive
and negative sensitivity values cancel out each other.

2.3.3.5 Determination of the prior uncertainty domain of the rate coefficients

To apply global optimization algorithms, the domain of parameter values has to be defined
in which the search for the optimal set of parameter values shall be carried out. As
mentioned above, the method of Turányi and co-workers aims at finding physically realistic
parameter values that are close to the “real” physical values of rate parameters. As
Arrhenius parameters do not necessarily have a physical meaning themselves, a prior
uncertainty domain of the rate coefficients (that are calculated using extended Arrhenius
expressions) is defined. In contrast to Arrhenius parameters, rate coefficients are directly
measurable and bear a physical meaning.

In Section 2.3.3.2, a connection between the uncertainty of the Arrhenius parame-
ters and the uncertainty of a rate coefficient was established and the application of the
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covariance matrix of the Arrhenius parameters was introduced (Eq. (2.31)). This covari-
ance matrix is generally not known and cannot be obtained directly. However, the six
parameters used in this covariance matrix (the variances σα, σn, σε and the correlation
coefficients rαn, rαε, rnε) can be determined via parameter fitting, if the variance of ln k
is known at least at six temperatures. The following constraints apply:

0 ≤ sigmaα, σn, σε; (2.40)
−1 ≤ rαn, rαε, rnε ≤ +1; (2.41)

0 ≤ 1− r2
αn − r2

αε − r2
nε + 2rαnrαεrnε (2.42)

which arise from the definition of variances and correlation coefficients and in the case
of the latter from the fact that by definition, the correlation matrix is positive semi-
definite. Although the availability of uncertainty information at six temperatures is the
necessary minimum for the determination of the covariance matrix, it is recommended to
use more than six temperature values, if available. The basis of the characterization of the
uncertainty of rate coefficients and its temperature dependence are data collections and
evaluations such as [25]. The uncertainty parameter f is frequently used to describe these
uncertainties, a discussion of the meaning of f in the different databases was provided by
Nagy and Turányi [78]. Many data evaluations, however, provide uncertainty data only
at certain temperatures, in many cases even constant values that are independent of the
temperature. The evaluation of Nagy et al. [26] addressed this issue by providing detailed
f(T ) functions for a number of elementary reactions important in hydrogen and syngas
combustion. As it will be shown in Sections 3.3.3.4 and 3.4.3.4, this method was also
applied in the present dissertation for the combustion systems under study.

The core of the method of Nagy et al. [26] is to define the limiting values of the
rate coefficient of a given reaction, kmin(T ) and kmax(T ), based on an evaluation of the
available experimental data and theoretical results. Only those literature values are taken
into account that are considered reliable based on the methods chosen for the experimental
or theoretical determination of the rate coefficients. If only a small number of data is
available from literature or their reliability was in question, constant kmin and kmax were
assumed. Using Eq. (2.12) at each temperature, an f(T ) function can be estimated. The
whole procedure is aided by computer codes u-Limits, UBAC and JPDAP [26, 78], which
are available online [79].

With this method, a continuous f(T ) function is obtained based on the covariance
matrix of the Arrhenius parameters, which not only describe the uncertainty range of the
rate coefficient, but is also entirely consistent with its Arrhenius expression.

2.3.3.6 Determination of the optimal set of rate parameters and the joint
covariance matrix of the optimized parameters

During the global minimum search, multiple random parameter sets p are created within
the prior uncertainty domain of the parameters. The corresponding values of the objective
function E(p) (Eq. (2.24)) are evaluated using Eq. (2.24) and if a new minimum value
is found, the search for a minimum is continued in the vicinity of this point [77]. The
objective of this minimum search procedure is to find a global minimum.
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The iterative fitting procedure shall be described in more detail in this section. It starts
from a set of initial parameter values, which shall be denoted as p(0). The initial covariance
matrix Σp

(0) describes the uncertainty domain and the initial pdf of the parameters. It is
assumed that the pdf follows a Gaussian distribution. The best set of parameters after the
(i)-th optimization cycle (with i ≥ 1) is denoted as p(i), and the counter nc monitors the
progress of the procedure towards a converged solution. The initial value of the counter
nc shall be zero.

Based on the (i-1)-th approximate Gaussian pdf of the parameters and within the
(i-1)-th uncertainty domain that is defined by this pdf, s parameter sets are generated; s
typically being the order of 102 to 103. The Gaussian pdf is centered around parameter
set p(i−1) and determined by the (i-1)-th reduced covariance matrix, Σ̃(i−1)

p . Reducing
the covariance matrix is done by dividing with s2nc/np , where np is the number of fitted
parameters. This process is also described as “focussing”, as an increase of the counter
nc results in a contraction of the characteristic sampling volume (i.e. the product of the
standard deviations) by a factor s [81].

The objective function value E(p) is calculated for each sampled parameter set, and
the parameter set p(i) having the smallest value is selected. If the corresponding objective
function value E(p(i)) is smaller than E(p(i−1)) (i.e. an improvement is found), the value
of nc is increased, typically by one. If E(p(i)) ≥ E(p(i−1)), then the previously found best
parameter set is kept (p(i) := p(i−1)) and the value nc is decreased. Thereby, the sampling
volume in which the sampling is carried out is increased in a process called “defocussing”.

At the end of the iterative step, the covariance matrix of the currently best parameter
set p(i) is calculated and the iteration cycle is repeated until convergence was reached,
which can be measured by nc overstepping a pre-defined threshold value. The covariance
matrix of the fitted parameters is calculated using Eq. (2.28). The covariance matrix
calculated after the last iterative step describes the posterior uncertainty domain of the
optimized rate parameters.

As mentioned in the introduction of Section 2.3.3, the process of reaching conver-
gence can be accelerated by devising a hierarchical optimization strategy. This especially
aids the computationally challenging task of optimizing a detailed combustion mechanism
against a large number of optimization targets. After the identification and selection of
important reactions based on the scaled sensitivity coefficients, data points of indirect
measurements with identical sets of important reactions are grouped together. These
groups are ordered by increasing number of important reactors. The proposed optimiza-
tion strategy optimizes rate parameters in an incremental way, starting with the parame-
ters of a reaction which was the only important reaction for a large group of data points.
This naturally includes the selection of direct and theoretical rate determinations which
are – by definition – only sensitive to a single reaction.

In the following steps, new reactions are added and only those groups of data are
selected alongside for which only the added reactions and/or the previously selected ones
are important. This process is continued until all reactions, and therefore all groups
of data, are selected. This method allows for fast convergence in the first few steps,
as the number of parameters is smaller compared to a simultaneous optimization of all
parameters in a single step.
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2.3.3.7 Calculation of response surfaces

Modeling of combustion experiments involves solving ordinary or partial differential equa-
tions, of which especially the latter is a computationally expensive task. During mech-
anism optimization, a large number of sampled model parameters are tested, and many
simulations are carried out. Frenklach et al. [52] overcame the problem of high compu-
tational costs of solving differential equations by approximate algebraic models, called
response surfaces or surrogate models. Typically polynomial fits are used to express sim-
ulation results as a function of the values of the model parameters at certain experimental
conditions. Interpolation between these experimental conditions is common, creating a
multidimensional “surface” of computational solutions. However, in light of the large
number of parameters in a kinetic model (e.g. Arrhenius parameters, thermodynamic
properties, transport data), the number of parameters to be included in the process of
building a response surface has to be reduced. Therefore, only “active parameters” of the
model, i.e. those parameters which influence the modeling results significantly, are chosen,
for instance based on the results of local sensitivity analysis. Cut-off values can be used
to define above which threshold parameters can be considered “active”, which is often a
reasonable assumption given that in combustion modeling only a relatively small number
of parameters are found to be important. A discussion of response surface methods can
be found in the literature, e.g. in [22, Chapter 5].

2.3.3.8 Optima: A framework for combustion simulations and model opti-
mization

The simulations carried out for this dissertation were performed using a MATLAB-based
[82] computer code called Optima, which was developed by Tamás Varga and other mem-
bers of the Chemical Kinetics Laboratory at Eötvös Loránd University (ELTE). The
final MATLAB version 5.6.6 is capable of performing multiple simulations in parallel
mode. It features the testing of mechanisms on a large set of experimental data, pa-
rameter optimization based on reaction rate determinations and indirect measurements,
local sensitivity analysis, the generation of response surfaces as well as the estimation of
the uncertainties of the rate parameters. Various diagnostic tools for full process control
and graphical outputs were implemented, allowing a visual inspection of the results of
mechanism testing and optimization. The code was re-written in C++ by Tamás Varga
and Ágota Busai to take advantage of the merits of object oriented programming and is
still developed actively at the time of writing. The C++ version, named Optima++, can
be downloaded from the ReSpecTh webpage [79].

Optima includes interfaces for three numerical solvers: the CHEMKIN-II package [18]
(including SENKIN [80], PREMIX [83] and PSR [84]), FlameMaster [85] and OpenSMOKE [86].
While CHEMKIN-II is the default solver in Optima, FlameMaster was chosen as a default in
Optima++. CHEMKIN-II is a proprietary software tool, while FlameMaster and OpenSMOKE
are freely available from the respective authors.
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2.3.3.9 The ReSpecTh Kinetics Data format

All experimental data were encoded into the ReSpecTh Kinetics Data format (RKD
format) [87, 88], which is an extended version of the PrIMe XML format [89]. As a
consequence of the modifications to the original PrIMe format, the files adhering to the
two formats are neither interchangeable nor interconvertible. Both XML formats have in
common that they include all measured values and experimental conditions, as well as
some kind of bibliographic information. In the case of the original PrIMe format, the XML
files refer to the PrIMe database which provided data on necessary physical constants. As
a consequence – and in contrast to the RKD format – PrIMe files are not stand-alone and
require the availability of the PrIMe Data Warehouse. Another major difference in a RKD
format XML file is that all data required to carry out simulations are provided, including
the exact definitions of ignition delay or a time-shift criterion. It is furthermore possible
to specify volume–time histories (e.g. for RCM or shock tube simulations) or a constant
pressure rise (e.g. in a shock tube) in RKD format files. While PrIMe only allows for
a definition of indirect measurement data, direct measurement data and theoretical rate
coefficient determinations can be stored using the RKD format. Further details can be
found in the RKD format specification [88], which is available on the ReSpecTh webpage
[79].

The latest version of the RKD format is v2.0, which was released on July 28, 2017.
Some of the most important newly added features include the possibilities to specify a
unique file DOI and to store data uncertainty information as well as the optional use of
an additional file for information that are not needed for a full description of a dataset.
This additional (also XML-based) file may contain modeling information, i.e. input val-
ues required by certain numerical solvers, as well as plotting information, i.e. which
measured property and variable experimental condition should be chosen for creating
two-dimensional plots, and how to label the axes. In comparison to the previous version
v1.0, the representation of bibliographical sources was improved in v2.0 and chemical
species present in the reaction mixture can now be defined unambiguously via their CAS,
InChI and/or SMILES identifiers.

Optima++ provides an interface to create RKD format XML files starting from simple
text files, which are easier to understand and process by the novice user. A converse
routine for creating more human-readable text files from XML files is also implemented.
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Chapter 3

Results

In Section 3.1 of this chapter, a computer code for the systematic analysis of the perfor-
mance of mechanisms will be presented. Section 3.2 will discuss some common features of
the three case studies which will be discussed in the remaining sections of this chapter: the
development of an optimized methanol and formaldehyde mechanism (Case Study I, Sec-
tion 3.3), an optimized ethanol and acetaldehyde mechanism (Case Study II, Section 3.4)
and finally, the development of the joint mechanism for C1/C2 alcohol and acetaldehyde
combustion (Case Study III, Section 3.5) based on the results of the previous two studies.

3.1 outgen, a computer code for comparing reaction
mechanisms

As it was outlined in Section 2.3.3, an important step in the application of the method
of Turányi and co-workers is to identify a suitable mechanism for optimization. Apart
from formal criteria such as completeness (both, in terms of included chemical species and
reactions/sub-chemistries), the accuracy of the mechanisms in question with respect to the
reproduction of experimental data is an important selection criterion. Conveniently, the
same objective function (Eq. (2.24), called “error function” in the context of comparing
mechanisms) can be used for the purpose of selecting the most accurate mechanism.

In addition to a single error function value describing the mechanisms’ average perfor-
mance across all data that were taken into account in a comparison, it can be meaningful
to compare mechanisms by analyzing their ability to reproduce certain experimental con-
ditions or types of measurements specifically. During the author’s research activities as a
member of the Chemical Kinetics Laboratory at Eötvös Loránd University, he developed
and continuously improved a computer code that is capable of addressing the challenges
connected to the processing of large amounts of simulation data.

outgen is a Fortran-based code developed for flexible output generation during the
investigation of combustion mechanisms. The latest version v3.5 is available for Windows,
Mac OS X and Linux and can be downloaded from the ReSpecTh webpage [79]. It
supports any kind of fuel consisting of C, H, O and N atoms, either as pure fuel or in
mixtures of up to three fuel species. Oxygen and up to three additional diluent species
may be specified. The main purpose of this code is to compare kinetic mechanisms with
respect to their ability to reproduce experimental data by means of simulations. It can
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handle ignition delay time, laminar burning velocity and species concentration profile
data as well as reaction rate determinations. Several data filtering options are included:
selection by ranges of temperature, pressure and equivalence ratio, by type of experiment,
type of measuring equipment, measured value (e.g. to exclude long ignition delay times),
fuel species and/or system, diluent species and/or system and measured species (in case
of species concentration data). It is also possible to carry out data weighting. While
weighting can be done manually by assigning higher/lower estimated standard deviations,
there is another built-in option to down-weight all (quasi-)identical data points to avoid
that certain experimental conditions are overrepresented in comparison to others that were
only measured once. This is to avoid that certain conditions are over- or underrepresented
in a given collection of data.

Three principal outputs are created by outgen to describe the performance of mecha-
nisms: average error function values (using Eq. (2.24)), average absolute deviations, and
the percentage of all included data points reproduced within 2σ/3σ/4σ. Error function
and absolute deviation values are also reported on the level of individual data points and
datasets. Pearson correlation coefficients are calculated based on absolute deviations and
can be a useful tool to reveal (dis-)similarities between pairs of mechanisms. The code can
furthermore be used to post-process sensitivity analysis results: histograms, overviews of
average/maximum sensitivity values and sorted lists of sensitive reactions can be created
on demand (for examples, see in Appendix A). Further features and optional inputs are
discussed in the outgen manual [79].

The first two fuel systems which were studied in a systematic manner using outgen
were hydrogen [3] and syngas [4]. In these two articles, outgen was used excessively for
illustrating the mechanistic behavior of the investigated kinetic schemes. In some cases –
by relating conspicuous performance parameters to sensitivity analysis results – possible
explanations for certain phenomena could be identified. outgen proved to be a valuable
tool for the detailed analysis of mechanisms and was used heavily during the preparation
of the following case studies.

3.2 Common features of the presented mechanism
development case studies

In the mechanism optimization articles published on methanol/formaldehyde combustion
[1] and ethanol combustion [2], elementary reactions were referred to by using reaction
identifiers (the letter “R” followed by a three digit number). Apart from the H2/CO
core mechanism taken from Varga et al. [6], these two mechanisms differ in structure as
different base mechanisms were used for the C1–C2 chemistry. The reaction identifiers
therefore only match for R1 to R33. For instance, the sub-mechanism for excited ȮH was
placed directly after the H2/CO reactions in [2], and at the very end of the kinetic scheme
in [1]. To avoid ambiguity in the present dissertation, alternative reaction identifiers are
introduced for all reactions but R1 to R33: M34 to M102 for the remaining reactions in
the Methanol/formaldehyde mechanism [1], and E34 to E251 for the remaining reactions
in the Ethanol mechanism [2]. As it will be shown in Case Study III (Section 3.5), the two
optimized mechanisms were merged into a “Joint” mechanism, introducing the need for
a third set of reaction identifiers: J34 to J272. Table 3.1 provides the reaction identifiers
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Table 3.1: Reaction identifiers used in the different optimization studies. Identifiers high-
lighted in bold were those that were optimized in the respective study. “LPL” indicates
the low-pressure limit of a reaction, “HPL” the high-pressure limit, “(rev.)” highlights
that the reaction was defined in reverse direction in this particular mechanism.

Reaction string Methanol [1] Ethanol [2] Joint Table in E-App. 2

HȮ2 + HȮ2 = H2O2 + O2 R14/R15 R14/R15 R14/R15 D.41
CH2O + M = CO + H2 + M M37 LPL – J49 LPL D.42
CH2O + Ḣ = HĊO + H2 M38 E48 J50 D.43
CH2O + ȮH = HĊO + H2O M40 E50 J52 D.44
CH2O + O2 = HĊO + HȮ2 M41 E51 J53 D.45
ĊH3 + ȮH = C̈H2(S) + H2O – E60 J106 D.51
ĊH3 + HȮ2 = CH3Ȯ + ȮH M47 E63 J59 D.46
ĊH3 + HȮ2 = CH4 + O2 M53 E56 (rev.) J65 D.46
ĊH3 + Ḣ + M = CH4 + M M49 LPL E68 LPL J61 LPL D.47
ĊH2OH + O2 = CH2O + HȮ2 M60 E140 J72 D.48
CH3Ȯ + M = CH2O + Ḣ + M M67 LPL E91 LPL J79 LPL D.49
ĊH3 + ȮH = CH3OH M77 HPL E151 HPL (rev.) J91 HPL D.50 and D.51
ĊH3 + ȮH + M = CH3OH + M M77 LPL E151 LPL (rev.) J91 LPL D.50 and D.51
CH3OH + Ḣ = ĊH2OH + H2 M80 E146 J94 D.52
CH3OH + Ḣ = CH3Ȯ + H2 M81 E147 J95 D.52
CH3OH + ȮH = ĊH2OH + H2O M84 E144 J98 D.53
CH3OH + ȮH = CH3Ȯ + H2O M83 E145 J97 D.53
CH3OH + O2 = ĊH2OH + HȮ2 M85 E150 J99 D.54
CH3OH + HȮ2 = ĊH2OH + H2O2 M87 E151 J101 D.55
CH3OH + HȮ2 = CH3Ȯ + H2O2 M88 – J102 D.55
C2H4 + ȮH = Ċ2H3 + H2O – E104 J139 D.56
Ċ2H3 + O2 = ĊH2CHO + Ö – E116 J151 –
C2H5OH = ĊH3 + ĊH2OH – E176 HPL J197 HPL D.57
C2H5OH + M = ĊH3 + ĊH2OH + M – E176 LPL J197 LPL D.57
C2H5OH = C2H4 + H2O – E177 HPL J198 HPL D.57
C2H5OH + M = C2H4 + H2O + M – E177 LPL J198 LPL D.57
C2H5OH+ȮH = ĊH2CH2OH+H2O – E178 J199 D.58
C2H5OH + ȮH = CH3ĊHOH + H2O – E179 J200 D.58
C2H5OH + ȮH = CH3CH2Ȯ + H2O – E180 J201 D.58
C2H5OH + Ḣ = CH3ĊHOH + H2 – E182 J203 D.59
C2H5OH+ĊH3 = ĊH2CH2OH+CH4 – E187 J208 D.60
C2H5OH + ĊH3 = CH3ĊHOH + CH4 – E188 J209 D.60
C2H5OH + ĊH3 = CH3CH2Ȯ + CH4 – E189 J210 D.60
C2H5OH+HȮ2 = CH3ĊHOH+H2O2 – E190 J211 –
CH3CH2Ȯ + M = ĊH3 + CH2O + M – E196 LPL J217 LPL –

used for all optimized reactions. Wherever necessary, the equivalent reaction identifiers
will be indicated in the following discussion.

In this dissertation, the term “dataset” is always used to refer to a group of data
points that were measured consecutively on the same equipment, often by varying only
one parameter during the course of the series of experiments. “15/2” is used as a shorthand
for 15 data points in 2 datasets.

Optimization is performed by evaluating and eventually minimizing the objective func-
tion E(p). The evaluation of the objective function requires simulations of the experi-
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Table 3.2: Absolute and relative tolerances used in the simulations

Type of simulation Absolute
tolerances

Relative
tolerances

Ignition delay time (constant volume) 1E-20 1E-09
Ignition delay time (volume as a function of time) 1E-12 3E-06
Concentration–time profile (constant volume) 1E-15 1E-10
Outlet concentration (constant volume) 1E-15 1E-05
Outlet concentration (perfectly stirred reactor)a 5E-12 1E-06
One-dimensional premixed flame 1E-10 1E-04
a In [2], absolute tolerances of 1E-15 were used. All results shown in this dissertation

use the values shown in the table.

ments. Simulation codes of the CHEMKIN-II package [18] were used. The integrator
tolerances were set to strict values for all types of simulations, see Table 3.2 for details. In
flame simulations, the mixture-averaged diffusion model was used and thermal diffusion
was accounted for. In the CHEMKIN-II premixed flame solver PREMIX [83], the flame grid
was set to contain at least 600 points, the gradient and curvature settings were always
less than 0.1, and typically around 0.02. At this level of refinement, the influence of fur-
ther increasing the grid size has a negligible effect on the simulated value of the laminar
burning velocity. For some of the investigated mechanisms, simulation results could not
be obtained at certain experimental conditions using PREMIX due to convergence prob-
lems. Therefore, analogous simulations were carried out using the FlameMaster [85] or
OpenSMOKE [86] codes instead of PREMIX. FlameMaster supports the PLOG formalism
and it was used for all simulations with the mechanisms that employ this format. While
the agreement between CHEMKIN-II and FlameMaster in the results of 0D simulations
is excellent, some discrepancies (up to a few cm/s) were observed between the laminar
burning velocity results using the three different solvers. A recently published detailed
comparison of different numerical solvers [90] had a similar outcome.

In the majority of the experimental methods to determine laminar burning velocities
(see Section 2.2.6 for a description of these methods), extrapolation has to be applied dur-
ing the interpretation of raw measurement data. Depending on the extrapolation method
used, this can introduce an additional source of error. The use of a linear extrapolation
technique (indicated by “LIN” in ?????????? of E-Appendix C, in contrast to non-linear
extrapolation denoted by “NON”) was penalized with 5 cm/s added experimental scatter
σi,exp as it can lead to large uncertainties in particular at rich conditions and low pressures.
This observation was reported by Chen [91] during the analysis of the outwardly prop-
agating flame technique. Similar inaccuracies can be observed for linearly-extrapolated
results obtained using other measurement techniques.
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3.3 Case study I: An optimized methanol and formalde-
hyde combustion mechanism

The case study (also referred to as C1 case study) presented in this section was published
in Combustion and Flame in 2017 [1].

3.3.1 Collection of indirect experimental data from the litera-
ture

The collected indirect measurements for methanol and formaldehyde combustion com-
prises a total of 24,900 data points in 265 datasets. The present collection includes
the data reviewed by Sarathy et al. [16] and Christensen et al. [92], but is not lim-
ited to their listings and includes e.g. also more recently published data. An overview
of the collected and utilized data is provided in Table 3.3. This table is identical to
Table 1 in [1], with the exception that Table 3.3 also includes information on the equiv-
alence ratios. Further details on the data collection can be found in E-Appendix C
(????????????????????????????).

Ignition delay times were determined by experiments carried out in shock tubes [93–
101] (520 data points in 74 datasets, including 99/7 for CH2O fuel) and a rapid com-
pression machine [100] (54/7). Additional RCM measurements of Kumar and Sung [139]

Table 3.3: Overview of the collected indirect measurements for the combustion systems
methanol and formaldehyde. Pure methanol was used as fuel, unless otherwise stated in
brackets. The data are grouped by the respective type of measurement and the experi-
mental facility. The numbers of included datasets and data points, as well as the ranges
of temperature, pressure and equivalence ratio are indicated.

Type of measurement References Data- Data p / atm T / K ϕexperimental facility sets points
Ignition delay times 81 574
Shock tubea [93–100] 67 421 0.3–51.7 963–2180 0.20–3.00
Shock tube (CH2O)b [101] 7 99 1.6 1363–2304 0.17–5.88, pyr.
Rapid compression machine [100] 7 54 9.3–40.6 817–980 0.50–2.00
Burning velocity measurements 87 632
Outwardly/ spherically propagating flames [102–107] 35 170 0.5–9.9 298–500 0.70–1.40
Counterflow twin-flames [38, 108] 5 90 1 298–368 0.50–1.98
Heat flux method/ laminar flat flame [109–115] 41 280 0.2–1 298–358 0.70–1.50
Flame-cone method [116, 117] 6 92 1 298–413 0.53–2.23
Concentration measurementsc 97 23,694
Flow reactor concentration–time profiles [118–123] 18 1,452 1–20 752–1043 0.05–2.59
Flow reactor concentr.–time profiles (CH2O) [124–126] 13 462 1–6 852–1095 0.004–36.71
Flow reactor outlet profiles [127–129] 13 444 1–98.7 600–1443 0.004–4.32
Flow reactor outlet profiles (CH2O) [130] 3 156 1.05 712–1279 0.005–1.54
Jet-stirred reactor outlet profiles [100, 131] 9 711 1–20 697–1200 0.20–2.00
Shock tube concentration–time profilesd [132–135] 14 12,756 0.3–2.5 1266–2100 0.50–3.00, pyr.
Shock tube concentr.–time profiles (CH2O) [136–138] 27 7,713 1.5–2.0 1244–1907 0.25–4.00, pyr.
a Fuels: CO and CH3OH: 1 dataset/4 data points, CH3OH: 66/417.
b In these experiments, characteristic times were measured instead of ignition delay times.
c Considered species: CH3OH, CH2O, CO, CO2, O2, H2, H2O and CH4.

Each measured species concentration is counted as separate data point. For example, a dataset
in which 5 species were recorded at 10 times/distances/temperatures has 5 * 10 = 50 data points.

d Fuels: H2 and CH3OH 2/108, CH3OH 12/452.
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were not considered, as simulation results could not be obtained with the majority of the
investigated mechanisms. Furthermore, pressure–time profiles (that are key to accurate
RCM simulations) were obtained from the authors only for a limited number of points.

The utilization of experimentally recorded pressure–time profiles in simulations allows
for a more accurate modeling of shock tube ignition delay measurements behind reflected
shock waves as facility effects are taken into account. For the majority of the measure-
ments collected for methanol and formaldehyde combustion, such information were not
reported. As a consequence, data recorded at temperatures below 1000 K (where mea-
sured ignition delay times are long and facility effects are very pronounced) were excluded.

The flame propagation of formaldehyde can only be measured indirectly via an in-
vestigation of the rapidly decomposing 1,3,5-trioxane molecule, due to the safety hazards
connected with the production of formaldehyde vapor. Few studies exist in the literature
[140, 141]. To simulate those experiments correctly, all C1 kinetic mechanisms would
have to be extended by a 1,3,5-trioxane sub-mechanism, which introduces additional un-
certainties that cannot be related to the published mechanism in any way. Therefore, only
methanol laminar burning velocity experiments were simulated here. Such measurements
were carried out in spherical bombs [102–106] (170/35, those data of [104] measured at
an increased N2 dilution were not well reproducible and had to be excluded), using the
counterflow twin-flame technique [38, 108] (90/5), in laminar, flat, adiabatic flames of heat
flux burners [110–115] or a similarly designed so called matrix burner [109] (altogether
280/41) or were measured in conical Bunsen-type flames [116, 117] (92/6). In this work,
the laminar burning velocities obtained by Sileghem et al. [113] and Nauclér et al. [115]
were corrected according to the recommendations of Alekseev et al. [142], who described
the uncertainties of the utilized heat flux method and identified sources of systematic
inaccuracies.

Species concentration profiles have been recorded using flow reactors (1896/31 for
CH3OH fuel [118–123, 127–129], 618/16 for CH2O fuel [124–126, 130], not used: [143]),
shock tubes (12,756/14 for CH3OH fuel [132–135], 7713/27 for CH2O fuel [136–138]) and
jet-stirred reactors [100, 131] (711/9, not used: [144, 145] which could not be reproduced).
The numbers above include measurements of the following species: CH3OH, CH2O, CO,
CO2, O2, H2, H2O and CH4. Additional species may have been measured experimentally
(C2H2, C2H4, C2H6, HCOOH). These were omitted here as they are not included in
several of the investigated mechanisms.

Overall, the collected data cover a wide range of operating conditions (ignition data:
T5/C = 817–2304 K, p5/C = 0.3–51.7 atm, ϕ = 0.17–5.9; flames: Tpreheat = 298–500
K, p = 0.2–9.9 atm, ϕ = 0.50–2.23; speciation data: T = 600–2100 K, p = 0.3–98.7
atm, ϕ = 0.004–36.7) and diluent mixtures (N2, N2/H2O, Ar, Ne/Ar, CO2). Methanol
was the investigated fuel in the majority of the experiments, although measurements of
formaldehyde (in [101, 124–126, 130, 136–138]) and to a limited extent also of fuel mixtures
(H2+CH3OH in Cribb et al. [134], CO+CH3OH in Bowman [93]) are included in the
collection. In addition to oxidation experiments, pyrolysis is a frequently studied process
that describes other important aspects of the conversion of methanol and formaldehyde.
Speciation data of the pyrolysis of methanol experiments in shock tubes [133–135] as well
as shock tube measurements of characteristic times [101] and speciation profiles [136–138]
of the pyrolysis of formaldehyde are therefore included here.
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It has been noted by Burke et al. [146] that – in the case of H2 combustion – simulated
species profiles in premixed flames are far more sensitive to the temperature profile than
they are to the kinetic parameters used in the simulations. Li et al. [147] found that in
two investigated methanol flames, the maximum mole fractions of ȮH and Ḣ are affected
by the uncertainties in the temperature measurements, while the temperature profile has
only a minor effect on other C0/C1 intermediates. In light of these partially ambiguous
results, premixed flame speciation measurements (e.g. [126, 148, 149]) were not used
in the present work. Simulated counterflow flame speciation data (e.g. [150–152]) are
less strongly affected by uncertainties caused by the temperature profiles, but other –
potentially large – sources of uncertainty are associated with measurements in counterflow
flames. A discussion was provided by Ju [153]. For the purpose of this work, counterflow
flame speciation data were therefore not considered either.

The collected indirect measurement data were encoded in the RKD v2.0 format [87, 88]
and are available on the ReSpecTh webpage [79].

3.3.2 Comparison of applicable combustion mechanisms
A number of mechanisms that can be used to model the combustion of methanol and
formaldehyde can be found in the literature. The mechanisms of Zabetta and Hupa
[154] (published in 2008, “AAU-2008”), Alzueta et al. [127] (2001), Christensen et al.
[92] (2016; a version with updated ĊH2 chemistry was published later by Fomin et al.
[155]), Hamdane et al. [156] (2012), Li et al. [126] (2007), Rasmussen et al. [128] (2008)
were developed primarily for methanol (and sometimes also formaldehyde) combustion,
and form the first group of mechanisms in Table 3.4. The modifications of Klippenstein
et al. [157] (2011) to the Li et al. mechanism were taken into consideration as a separate
mechanism here as they are widely adopted in the literature. In principle, one can also use
kinetic mechanisms developed for larger combustion systems, provided that they contain
sub-mechanisms for the conversion of species investigated here. Therefore, schemes such
as the CaltechMech v2.3 mechanism [158] (2015, developed for several fuels up to C12); the
mechanisms of Johnson et al. [159] (2009, developed for propanol), Kathrotia [160] (2011,
for C1–C4 hydrocarbons), Konnov [161] (2009, for C2/C3 hydrocarbons and oxygenates),
Leplat et al. [162] (2011, for ethanol), Marinov [163] (1999, for ethanol), the San Diego
mechanism [164] (2014), the mechanism of Saxena and Williams [165] (2007, for ethanol),
and the USC II mechanism [166] (2007, for H2/CO/C1–C4 fuels) may also be tested
with regard to their ability to model methanol and formaldehyde combustion. These
mechanisms constitute the second group in Table 3.4.

All of the above mechanisms solely use the Troe and/or SRI formalisms to describe
pressure dependence of the elementary reactions found in them. A third group of mech-
anisms also employs the PLOG formalism for some reactions. Such mechanisms were
published by combustion scientists at NUI Galway (NUIG): the mechanisms of Metcalfe
et al. [167] (2013, “Aramco1.3-2013”), with an update for methanol by Burke et al. [100]
(2016, a more recent version 16.09 of the NUIG mechanism for C1–C3 was obtained from
the authors and used instead of version 15.34 featured in [100]) and Mittal et al. [168]
(2014, developed for ethanol) are used here. Note that the latter mechanism was not
discussed in the Olm et al. [1] article. For easier referencing, mechanism identifiers such

33



as “Alzueta-2001” for the Alzueta et al. [127] mechanism will be used from this point
onwards.

Inert chemical species krypton and neon (which are used as diluent gases in some
experiments) were added to all mechanisms, assuming unit third body collision efficiencies
for these two species. Similarly, argon was added to the Marinov-1999 mechanism. Both,
Li-2007 and the subsequently developed Klippenstein-2011 mechanism use a bath gas-
dependent parametrization of the Ḣ+O2 (+M) = HȮ2 (+M) reaction, which was also taken
into account. In the USC-II-2007 mechanism, different reaction rate coefficients were
included for a subset of reactions depending on the pressure. To ensure an appropriate
treatment of this mechanism, the set of rate parameters that matches the pressure in each
individual experiment the closest on a logarithmic scale was chosen.

Table 3.4 shows the average error function values for these mechanisms calculated
using the sum-of-squares error function (Eq. (2.24)) that provides a quantitative descrip-
tion of the agreement of experimental and simulation data. Lower numbers represent a
better agreement with the experiments, and the corresponding mechanisms are consid-
ered to have a better performance than others. Among the previously published mech-
anisms, Li-2007 has the lowest average E value overall, followed by the SanDiego-2014,
Christensen-2016 and the NUIG mechanisms Aramco1.3-2013 and Mittal-2014. Leaving
aside the worst performing mechanisms (USC-II-2007, Leplat-2011, Marinov-1999), the
results obtained with larger schemes are comparable to those developed specifically for
methanol combustion. For three mechanisms (AAU-2008, Alzueta-2001 and Johnson-
2009), transport data required for the simulation of laminar flames were not available and
only partial results are shown in the table. Further exceptions are detailed in the table
footnotes.

Following the comparison method described in Section 3.1 and used in previous studies
on hydrogen and syngas combustion [3, 4], a detailed analysis of the behavior of the
investigated mechanisms as a function of temperature, pressure and equivalence ratio
was carried out. The aim was to investigate which conditions are well described by
the mechanisms investigated in this study, including the newly optimized methanol and
formaldehyde mechanism, which is the reason for presenting this analysis in the later
Section 3.3.4.

3.3.3 Optimization of a methanol and formaldehyde combustion
mechanism

3.3.3.1 Development of an initial mechanism for C1 optimization

The Li-2007 mechanism [126] was found to be the best among the previously published
mechanisms in terms of its agreement between the simulation results and the available
experimental data. This is the reason for choosing Li-2007 as a starting point for the
development of an initial C1 mechanism for a subsequent optimization. This section
describes the necessary modifications to ensure that the mechanism contains all species
and reactions that are chemically relevant to model the combustion of methanol and
formaldehyde.

The H2/CO sub-mechanism was replaced by the previously optimized joint hydrogen
and syngas mechanism of Varga et al. [6] and now includes a sub-mechanism for excited
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ȮH. As for the other mechanisms that were tested in this case study (Section 3.3.2),
the noble gases Kr and Ne were added to the mechanism as they were used in some
experimental studies. Unit third body collision efficiencies were assumed for these two
species. Thermochemical data of the species not present in the H2/CO sub-mechanism
were updated using the values from Goos et al. [170] (namely CH3OH, ĊH2OH, CH3Ȯ,
CH2O, CH4, ĊH3). The thermochemical data of ethane, C2H6, was adopted from Burke
et al. [171], to maintain consistency with the choices made in defining the initial mecha-
nism in the C2 case study, see Section 3.4.3.1. For species H2O2, the values found in the
mechanism of Li et al. [126] were retained. An additional pathway of the CH3OH + HȮ2
reaction yielding CH3Ȯ radicals and H2O2 (M88) was added to the mechanism, using
the rate coefficient published by Klippenstein et al. [157]. After these modifications, the
initial C1 mechanism consisted of 24 species and 102 reactions (compared to 21 species/
93 reactions in the unmodified Li et al. [126] mechanism).

Despite the changes of the Li-2007 mechanism during the development of this initial C1
mechanism, its performance remained comparable (E = 8.1 for the initial C1 mechanism,
as compared to E = 6.9 for Li-2007, see Table 3.4). It can be shown [1] that a modification
of the rate coefficient of the reaction CH3OH+HȮ2 = ĊH2OH+H2O2 (M87) in favor of the
theoretical values reported by Klippenstein et al. [157] negatively affects the agreement
between simulation results and experimental data, particularly ignition delay times. In
light of the factor of 2 uncertainty estimated by the authors [157], the previous values
used in the Li-2007 mechanism for the definition of the initial C1 mechanism were kept.

Completeness of a kinetic mechanism that claims to be “detailed” is an important
issue, and can have an impact of the physical correctness of any optimized mechanism.
Therefore, the effect of including further species and reaction steps was investigated [1].
Ren et al. [135] suggested the consideration of C̈H2/C̈H2(S) chemistry in combustion
simulations of the methanol system. While a small effect was observed, the inclusion of
the corresponding reactions did not improve the agreement between simulation results
and experimental data.

Recently the significance of the prompt dissociation of weakly bound radicals (e.g.
HĊO) was discussed by Labbe et al. [172, 173], which is particularly important at low
pressures and high temperatures. In their work, HĊO prompt-dissociation probabilities
were calculated up to 10 atm. Unfortunately a large amount of experimental data used
in this work was obtained at pressures above 10 atm, and the uncertainty of the rate
parameters proposed by Labbe et al. was not quantified either. Furthermore, dissocia-
tion probabilities for further radicals relevant in the investigated combustion system (e.g.
CH3Ȯ) were not published at the time of writing. It is expected that the model developed
in this case study, which does not take into account prompt dissociation of weakly bound
radicals, can be modified and re-fit easily as the dissociation probabilities of all important
radical species become available over a wide pressure range and for a larger number of
radicals. Li et al. [147] reported that high concentrations of C2 species can be observed
in low-pressure methanol flames, which may affect the predictions at these specific condi-
tions. While not considered in this case study, this aspect should receive further attention
in the development of even more comprehensive methanol combustion models.
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3.3.3.2 Selection of rate parameters to be optimized

A brute-force first-order local sensitivity analysis (see e.g. Section 2.3.3.4 and Chapter
5.2 of [22]) was carried out at the conditions of the collected indirect experiments. The
A-factors of each reaction in the initial model, including low pressure A-factors for pres-
sure dependent reactions, were changed by 5% and the corresponding sensitivities were
calculated for each simulated data point. The relative importance of rate coefficients
was determined based on the investigation of the average local sensitivity coefficients for
subsets of data. Subsets were created depending on fuel (CH3OH or CH2O) or type of
measurement (ignitions, flames or species profiles). For CH3OH fuel, average sensitivities
were calculated for ignition delay times from shock tube and rapid compression machine
experiments separately, as the temperature ranges typically investigated in these exper-
iments differ from each other, therefore different reactions are found to be important.
Tables A.1 to A.6 in Appendix A give an overview of the most sensitive reactions for six
different subsets of data.

The analysis shows that for the investigated combustion systems, the self-reaction of
HȮ2 radicals (R14/R15) is sensitive over a much wider range of temperature compared
to the H2/CO system optimized by Varga et al. [5, 6]. The rate coefficient of this reaction
is given by the sum of two Arrhenius expressions (so called “duplicate reactions” in the
CHEMKIN notation), where the rate parameters of R14 and R15 are dominant at lower
and higher temperatures, respectively. For this reason and in contrast to the previous
studies [5, 6] in which only the high-temperature branch R15 was taken into consideration,
both the low- and high-temperature branches of this reaction are optimized here.

Table 3.5: Reactions selected for C1 optimization, the rate parameters in the initial C1
mechanism and the optimized values of the parameters. Units are in cm, mol, K and s.
Values of the prior and posterior uncertainty parameters are given for the temperature
range of 500 to 2500 K (exceptions: 300–2500 K for R14/R15, 800–2500 K for M37 LPL
and M81, 1000–2500 K for M41).

No. Reaction string fprior fposterior Aorig norig Eorig/R Aopt nopt Eopt/R

R14 HȮ2 + HȮ2 = H2O2 + O2 0.30–0.70 0.08–0.71 1.300E+11 0 -820.33 1.214E+10 0.422 -745.03
R15 1.605E+15 0 7825.60 1.688E+16 -0.681 6507.48
M37 LPL CH2O + M = CO + H2 + M 0.50 0.09–0.12 3.100E+45 -8.00 49073.98 1.840E+45 -7.886 49051.15
M38 CH2O + Ḣ = HĊO + H2 0.60 0.08–0.10 5.740E+07 1.90 1383.29 3.621E+02 3.407 401.87
M40 CH2O + ȮH = HĊO + H2O 0.34–0.43 0.22–0.30 3.430E+09 1.18 -224.96 4.440E+10 0.906 85.32
M41 CH2O + O2 = HĊO + HȮ2 1.20 0.19–0.20 1.230E+06 3.00 26170.11 1.592E+18 -1.218 19847.17
M47 ĊH3 + HȮ2 = CH3Ȯ + ȮH 0.46–0.76 0.26–0.49 2.410E+10 0.76 -1170.11 5.019E+09 1.066 -405.13
M53 ĊH3 + HȮ2 = CH4 + O2 1.00 0.25–0.45 3.160E+12 0 0 6.895E+18 -1.923 888.18
M60 ĊH2OH + O2 = CH2O + HȮ2 0.50 0.27–0.38 2.410E+14 0 2524.91 1.701E+16 -0.606 2845.39
M67 LPL CH3Ȯ + M = CH2O + Ḣ + M 0.84–1.24 0.16–0.26 8.300E+17 -1.20 7800.70 6.815E+18 -1.269 9539.55
M77 HPL ĊH3 + ȮH = CH3OH 0.34–0.84 0.20–0.31 2.790E+18 -1.43 669.35 5.489E+12 0.300 -430.96
M77 LPL ĊH3 + ȮH + M = CH3OH + M 1.20 0.07–0.39 4.000E+36 -5.92 1580.30 1.056E+54 -10.920 5610.96
M80 CH3OH + Ḣ = ĊH2OH + H2 0.40–1.07 0.18–0.27 3.200E+13 0 3067.44 8.266E+09 1.072 2461.34
M81 CH3OH + Ḣ = CH3Ȯ + H2 1.70 0.24–0.38 8.000E+12 0 3067.44 2.818E+07 1.900 5104.69
M83 CH3OH + ȮH = CH3Ȯ + H2O 0.70 0.13–0.44 1.000E+06 2.10 249.97 1.043E-02 4.502 -941.06
M84 CH3OH + ȮH = ĊH2OH + H2O 0.46–0.87 0.19–0.41 7.100E+06 1.80 -299.95 7.323E+09 0.845 172.94
M85 CH3OH + O2 = ĊH2OH + HȮ2 0.80 0.78–1.01 2.050E+13 0 22596.88 8.907E+13 -0.043 22904.18
M87 CH3OH+HȮ2 = ĊH2OH+H2O2 1.10 0.20–0.25 3.980E+13 0 9763.46 7.619E+05 2.284 8116.24
M88 CH3OH + HȮ2 = CH3Ȯ + H2O2 0.70 0.15–0.42 3.336E-02 4.12 8170.00 2.703E-03 4.576 8245.84

In total, 57 rate parameters of 17 reactions that are important in methanol and
formaldehyde combustion and pyrolysis were selected for optimization (see Table 3.5).
All three Arrhenius parameters (A, n and E) were optimized for all selected rate co-
efficients. In one case (M77, ĊH3 + ȮH ( + M) = CH3OH ( + M)), both the high- and

37



low-pressure limit rate parameters were selected. Parameters describing the pressure de-
pendence (i.e. Troe parameters) or third body collision efficiency parameters (as in [5, 6])
were not optimized here.

Further reactions were also sensitive under certain conditions. Many of the sensi-
tive reactions in the H2/CO core mechanism were already optimized by Varga et al.
[6] against a large set of hydrogen and syngas experimental data. Unlike for R14/R15,
there was no necessity to re-optimize these reactions. Other sensitive reactions, such as
CH2O + Ö = HĊO + ȮH (M39), CH2O + HȮ2 = HĊO + H2O2 (M42) and CH3OH +
ĊH3 = ĊH2OH + CH4 (M89), were included in a first trial optimization, but the calcu-
lated posterior uncertainty ranges of the corresponding optimized parameters were very
large, indicating that the included targets (see Sections 3.3.1 and 3.3.3.3) do not con-
tain enough information to characterize the parameters of these reactions quantitatively.
Therefore, they were not included in the final optimization round. On the contrary, the
minor branch of the CH3OH + HȮ2 reaction, yielding CH3Ȯ and H2O2 (M88) proved to
be well quantifiable in a trial optimization, despite not being amongst the most important
reactions based on the sensitivity analysis results. Another reason for adding M88 to the
list of optimized reactions – despite its not very pronounced sensitivity – was that solely
optimizing the major branch (M87) would have led to an inadequate representation of
the branching ratio of the CH3OH + HȮ2 reaction.

3.3.3.3 Collection of experimental and theoretical rate determinations from
the literature

For the selected elementary reactions, direct measurements and theoretical determinations
of rate coefficients at conditions relevant in methanol and formaldehyde combustion and
pyrolysis were collected and used as additional optimization targets. In some cases, the
accuracy of a measured or theoretically obtained rate coefficient collected from literature
was in doubt, typically due to inconsistencies with other rate determinations of the same
reaction. Such data were not used as optimization targets. A summary of collected
data can be found in Table 3.6, which includes basic information and references to more
detailed tables (Tables D.41 to D.46 and D.48 to D.55 of E-Appendix D). All of these
data were encoded in the RKD v2.0 format [87, 88] and are available on the ReSpecTh
webpage [79].

79 data points in 7 datasets were collected [197, 221, 230–234] for H-atom abstraction
from methanol by ȮH radicals (M83/M84). In addition to this, theoretical rate determi-
nations of this reaction [229, 235] were used. Only one series of direct measurements [225]
for the abstraction of H-atoms via Ḣ radicals (M80/M81) was found in the literature.
Theoretical calculations of Meana-Pañeda et al. [226], Carvalho et al. [227], Kerkeni and
Clary [228] and Jodkowski et al. [229] were considered as well for this reaction. The de-
composition of methanol was studied by a number of research groups in the fall-off region
[134, 221–223] (89/7), while other authors [216, 217, 224] investigated the low-pressure
limit reaction CH3OH + M = ĊH3 + ȮH + M (M77 LPL; 56/4). The reaction in reverse
direction, i.e. ĊH3 + ȮH = products, comprising other elementary reactions besides M77,
was discussed in several direct measurement studies [196, 215–219, 238] (143/9 was col-
lected; 135/7 was used here). Theoretical results for this system were published by Jasper
et al. [220]. Further H-atom abstraction reactions from methanol were only studied the-
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Table 3.6: Overview of the direct measurements and theoretical rate determinations used
in Case Study I. Note that some of the listed data are relevant for multiple reactions.

Relevant Reaction string Table in Direct measurements of rate coefficients Theoretical rate determinations
for E-App. 2 References Datasets Data points T / K References Datasets T / K
R14/R15 HȮ2 + HȮ2 = H2O2 + O2 D.41 [174–182] 10 129 236–1283 [183] 1 200–2000
M37 LPL CH2O + M = products D.42 [137] 1 4 1676–1904 – – –

CH2O + M = CO + H2 + M D.42 [184, 185] 2 29 2004–2687 [186, 187] 2 1200–3500
M38 CH2O + Ḣ = HĊO + H2 D.43 [188–195] 8 143 264–3413 [194, 195] 2 250–5000
M40 CH2O + ȮH = products D.44 [196–198] 3 12 299–1391 – – –

CH2O + ȮH = HĊO + H2O D.44 [199–201] 3 51 202–1670 [199, 202, 203] 3 300–3000
M41 CH2O + O2 = HĊO + HȮ2 D.45 [185, 204] 3 59 1480–2367 – – –
M47&M53 ĊH3 + HȮ2 = products D.46 [205] 1 3 414 – – –
M47 ĊH3 + HȮ2 = CH3Ȯ + ȮH D.46 [206, 207] 2 19 1000–1249 [208] 1 300–2500
M53 ĊH3 + HȮ2 = CH4 + O2 D.46 [206, 207, 209] 3 38 1000–1822 [208] 1 300–2500
M60 ĊH2OH + O2 = CH2O + HȮ2 D.48 [210, 211] 2 17 236–684 – – –
M67 LPL CH3Ȯ + M = CH2O + Ḣ + M D.49 [212] 2 58 551–1666 [213, 214] 2 678–808

M77 HPL# CH3OH = ĊH3 + ȮH D.50
and D.51 [196, 215–219] 7 135 294–2383 [220] 2 300–3000

M77 fall-off CH3OH ( + M) = products D.50
and D.51 [134, 221–223] 7 89 1591–2670 – – –

M77 LPL* CH3OH + M = ĊH3 + ȮH + M D.50
and D.51 [216, 217, 224] 4 56 1414–2298 [220] 2 300–3000

M80 &M81 CH3OH + Ḣ = products D.52 [225] 1 5 298–575 – – –
M80 CH3OH + Ḣ = ĊH2OH + H2 D.52 – – – – [226–229] 4 200–2500
M81 CH3OH + Ḣ = CH3Ȯ + H2 D.52 – – – – [226, 228, 229] 3 200–2500
M83&M84 CH3OH + ȮH = products D.53 [197, 221, 230–234] 7 79 210–1710 – – –
M83 CH3OH + ȮH = CH3Ȯ + H2O D.53 – – – – [229, 235] 2 200–3000
M84 CH3OH + ȮH = ĊH2OH + H2O D.53 – – – – [229, 235] 2 200–3000
M85 CH3OH + O2 = ĊH2OH + HȮ2 D.54 – – – – [157] 1 400–2500
M87 CH3OH+HȮ2 = ĊH2OH+H2O2 D.55 – – – – [157, 236, 237] 3 100–3000
M88 CH3OH + HȮ2 = CH3Ȯ + H2O2 D.55 – – – – [157, 236, 237] 3 100–3000
# Includes rate determinations for the reaction in reverse direction and determinations of the sum of multiple channels.
* Includes rate determinations for the reaction in reverse direction.

oretically, including the abstraction via O2 (M85, in [157]) and via HȮ2 (M87/M88, in
[157, 236, 237]).

The decomposition reaction of CH3Ȯ radicals yielding CH2O+Ḣ (M67) was measured
at the low-pressure limit (58/2, [212]) and studied theoretically [213, 214]. Direct meau-
rements of formaldehyde decomposition were collected [137, 184, 185] (sum of the product
branches: 4/1; CO + H2 branch (M37): 29/2), as well as theoretical rate determinations
[186, 187]. The reaction of ĊH2OH radicals with molecular oxygen (M60) was studied by
means of direct measurements ([210, 211], 17/2).

H-atom abstraction reactions from CH2O were studied extensively in the literature.
For the CH2O + Ḣ = HĊO + H2 reaction (M38), experimental data [188–195] covering a
wide temperature range (143/8) were used alongside theoretical calculations [194, 195].
For the H-atom abstraction reaction via O2 (M41), only direct measurements [185, 204]
were available (59/3), while CH2O+ȮH = HĊO+H2O was studied not just experimentally
[196–201] (M40; 63/6), but also theoretically [199, 202, 203].

Direct measurement results [205–207, 209] and theoretical values [208] of the rate coef-
ficient of ĊH3 +HȮ2 reaction (M47/M53) were considered for the sum of the two branches
(3/1) and also branch-specific (57/5 in total, including one direct measurement of M53 in
reverse direction). Note that in this case study, two branches of the ĊH3 + HȮ2 reaction
were optimized, while in Case Study II (Section 3.4) only the ĊH3 + HȮ2 = CH3Ȯ + ȮH
(M47/E63) reaction was included.

The reaction HȮ2 + HȮ2 = H2O2 + O2 (R14/R15) was already subject to previous
studies of Turányi et al. [5, 6, 26]. In addition to the direct measurements [174–176]
(72/4) which were used in these studies, now also measurements at lower temperature
[177–182] (57/6) as well as the theoretical calculations of Zhou et al. [183] were considered.
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3.3.3.4 Prior uncertainty domain of the optimized rate parameters

The method of Nagy et al. [26] was used for the determination of the prior uncertainty
domain of the Arrhenius parameters to the reactions selected for optimization in this case
study. Prior uncertainty limits are a necessary input to global parameter optimization
methods, and provide a justification for claiming that the set of rate parameters obtained
by means of optimization is physically realistic. The extrema of the uncertainty bands
are used as the limiting values for the acceptance of rate coefficients during the course of
an optimization. In the algorithm of Turányi and co-workers, this means that those rate
parameter sets generated during sampling that would result in a rate coefficient outside
the corresponding uncertainty domain in the relevant temperature range were discarded,
resulting in an enforcement of the estimated prior uncertainty ranges.

Direct measurements and theoretical determinations of the rate coefficients were col-
lected for each of the elementary reactions investigated from the NIST Chemical Kinetics
Database [239] and from review articles. The collected data were carefully examined,
outliers were disregarded. An uncertainty band around the logarithm of a chosen mean
rate coefficient ln k was created, which can be described by the temperature-dependent
uncertainty parameter f . These f(T ) points were converted to the prior covariance ma-
trix of the Arrhenius parameters for each investigated reaction step [22, 78, 240] that
characterizes the prior uncertainty domain of the parameters. Reactions M38, M40, M63,
M67, M77 HPL, M80, M81 and M84 could be treated this way and joint normal prob-
ability distributions of the Arrhenius parameters were assumed for these reactions. For
the other reactions (namely R14, R15, M37 LPL, M41, M53, M60, M77 LPL, M83, M85,
M87 and M88) too few literature data were available, and thus, a uniform probability
distribution (i.e. temperature-independent prior f values) of the rate coefficients had to
be assumed based on the small amount of available data. The prior uncertainty limits
were determined by using the computer codes u-Limits, UBAC and JPDAP [26, 78], which
are available online [79]. Values of the prior f(T ) limits for each optimized reaction can
be found in Table 3.5.

An overview of the uncertainty limits determined for the reactions optimized in this
case study is provided in [1] (Supplementary Material, Part 2). Note that the prior uncer-
tainty limit for the self-reaction of HȮ2 radicals (R14/R15) was revised as compared to
Nagy et al. [26] and now also includes the theoretical calculations of Zhou et al. [183]. The
prior uncertainty limits of all other reactions optimized in this case study were determined
specifically for the Olm et al. [1] article, for the most part by co-author Éva Valkó.

3.3.3.5 Optimization strategy

A pre-selection of the data was carried out before optimization (see the tables in E-
Appendix C for details). Those experimental data that could not be reproduced within
3σ of their experimental scatter by any of the investigated mechanisms as well as data
generated using outdated experimental techniques were excluded from both, the testing
of the mechanisms and the optimization process. The excluded datasets are indicated by
dark gray shading in E-Appendix C. If a linear extrapolation method was used to account
for stretch correction in the experimental determination of laminar burning velocities in
spherical bombs or counterflow measurements [102–106], then the corresponding data (208
of the 632 laminar burning velocity measurements) were excluded from the optimization
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targets, but not from the general comparison of the investigated mechanisms. It can
be shown that these laminar burning velocities are still reproducible by the optimized C1
mechanism within their uncertainties despite not being used as targets in the optimization.

High-quality response surfaces could only be obtained for a limited number of flames
featured in the present case study (55 flames). For this reason, 98 additional flames
were selected that supplement the available response surfaces for an optimal coverage of
operating conditions. Direct flame simulations were carried out at the conditions of these
experiments. Thus, 153 flames in total were used as optimization targets. In addition
to burning velocity data, 517 shock tube ignition data points, 59 RCM data points and
species concentration points from flow reactors, JSRs and shock tubes (2508, 706 and
20,460 points, respectively) were used. Details on the selection of targets can be found in
the tables of E-Appendix C.

As described in Section 3.2, the results of turbulent flow reactor experiments were
interpreted by shifting the simulated species profiles to match the simulated half deple-
tion time of the fuel (methanol or formaldehyde), or by using an alternative matching
criterion. As outlined by Varga et al. [6], time shifting introduces a free parameter in
an optimization. Consequently, the uncertainties of rate parameters would be underpre-
dicted as most of the systematic discrepancies between the experimental data and the
simulation results are eliminated by the shifting of the concentration profiles. Therefore,
flow reactor concentration–time profiles were omitted from the calculation of the covari-
ance matrix, but are still used as optimization targets. Data points at the beginning or
end of a concentration–time measurement were not used in optimization, if no reactivity
was observed in the experimentally measured profiles.

As in other optimization studies of Turányi and co-workers [2, 5, 6], a systematic hi-
erarchical optimization strategy was devised. In the first optimization step, indirect mea-
surement data that were sensitive only to the parameters of a small number of reactions
were selected as optimization targets, together with the corresponding determinations of
rate coefficients. In the next step, further influential reactions and the corresponding
experimental data were included and all parameters considered up to that point were op-
timized. The inclusion of the new reactions was performed in such a way that the amount
of newly added experimental data points was always the maximum possible.

3.3.4 Discussion
3.3.4.1 Uncertainties of the rate coefficients obtained

The optimized values of the rate parameters and the values used in the initial C1 mecha-
nism are summarized in Table 3.5. The values of the posterior uncertainty parameters in
this table are listed for the temperature range of 500 to 2500 K (exception are described
in the table caption). Note that the temperature ranges in which optimal parameter
values were sought for are somewhat wider. In this way, direct rate determinations (see
Section 3.3.3.3) were included that would have otherwise fallen outside the above range.
This also imposes stricter requirements on the acceptance of a set of sampled rate param-
eters (particularly those with very different n and E/R values).

Experimental data used as targets during the optimization of this mechanism are in
a temperature range of 750 to 2400 K, (i.e. 1000 K/T ≈ 0.42–1.33) and cover pressures
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up to almost 100 atm, although the majority of the measurement data was obtained at
lower pressures. The temperature-dependent uncertainty of the optimal rate coefficients
can be obtained from the calculated covariance matrix of the optimized parameters (see
Section 2.3.3). These posterior uncertainty limits represent how precisely the rate coeffi-
cients can be determined from the available data and can be considered meaningful only
in the temperature range for which data were included in the optimization. If at the
extremes of this temperature range none of the simulated experimental data is sensitive
to a certain reaction, the posterior uncertainty limits (which are calculated from the pos-
terior covariance matrix of the Arrhenius parameters) can be wider than the prior ones,
which are estimated based on direct measurement data, theoretical rate determinations
and review articles. The reason for this is that the posterior covariance matrix not only
includes contributions from direct measurements and theoretical results, but also from
indirect measurements, if these are sensitive to some of the reactions.

For almost all of the optimized reactions, the uncertainties of k could be effectively
reduced over the entire temperature range of interest as a result of optimization (see
Figs. 3.1, 3.2 and 3.5 and also the corresponding f values in Table 3.5). The poste-
rior uncertainty parameter f value of reaction CH3OH + O2 = ĊH2OH + HȮ2 (M85)
is somewhat larger compared to the corresponding prior f value, and increases with
temperature. Figure 3.1 furthermore shows that the optimized rate coefficients of sev-
eral reactions are close to the respective prior limits. This is true for the rate coeffi-
cients of CH2O + ȮH = HĊO + H2O (M40) and CH2O + O2 = HĊO + HȮ2 (M41) at
the lower end of the optimized temperature range as well as for the rate coefficients of
ĊH3 +HȮ2 = CH3Ȯ+ȮH (M47) and CH3OH+ȮH = CH3Ȯ+H2O (M83) at high temper-
atures. These trends were observed throughout the optimization process, indicating that
a good reproduction of the included targets can only be achieved with rate coefficients
close to the reported optimal values. Reaction M47 was also optimized in Case Study II
(Section 3.4), named E63 therein. A discussion of the differences between the optimal
rate coefficients obtained in both studies is provided in Section 3.4.4. The results of both
optimization case studies can be found in the respective subplots of Figs. 3.1 and 3.17 for
better comparison.

Figure 3.2 shows that compared to previous optimization studies [5, 6], the optimized
rate coefficient values for R14/R15 are closer to the theoretical results of Zhou et al. [183].
While direct rate coefficient measurements of Hong et al. [174] and Kappel et al. [176]
are captured well by the optimized model, a deviation from the older measurements of
Hippler et al. [175] by almost half an order of magnitude is found at high temperatures.
The posterior uncertainty is of the same order of magnitude as the prior one at the
upper end of the optimized temperature range, and approaches much smaller values as
the temperature decreases. It can be shown that the uncertainties of certain reactions are
correlated, e.g. reactions involving HȮ2 radicals (R14/R15, M85, M87 and M88), which
has to be taken into account during the interpretation of their uncertainty limits.

The red shading in Fig. 3.2 represents the probability density function (pdf ) of the sum
of the optimized rate coefficients R14 and R15 calculated using a Monte Carlo sampling
technique at temperatures between 300 K and 2500 K. The rate coefficients were sampled
105 times from the posterior covariance matrix assuming multivariate normal distribution
and using a temperature interval of 0.02 on a 1000 K/T scale in order to obtain a smooth
density function at each temperature. The dotted red lines in the plot signify the re-
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Figure 3.1: Arrhenius plots of the initial and optimized rate coefficients with their prior
and posterior 3σ uncertainty ranges for the reactions optimized in this case study (except
for R14/R15, shown Fig. 3.2, M87 and M88 shown in Fig. 3.5). The unit of k is cm6 mol−2

s−1 for the LPL of M77, otherwise cm3 mol−1 s−1. If no solid black line is plotted, the
solid blue line corresponds to the chosen mean rate coefficient. If the chosen mean differs
from the values of Li et al. [126], these are shown using a solid black line. The area shaded
gray signifies the temperature range that was not considered during the optimization of
the rate parameters of the respective reaction.
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Figure 3.2: Arrhenius plot for the sum of the two HȮ2 + HȮ2 = H2O2 + O2 branches,
including initial and optimized rate coefficients with their prior and posterior 3σ uncer-
tainty ranges. Direct measurement data of Hippler et al. [175] (purple squares), Kappel
et al. [176] (turquoise triangles), Hong et al. [174] (orange circles), Patrick and Pilling
[180] (gray inverse triangles) and Lii et al. [182] (burgundy diamonds) as well as rate
recommendations of Zhou et al. [183] (dashed black lines), Varga et al. [6] (solid green
lines) and Varga et al. [5]/Baulch et al. [25] (high-/low-temperature branch; solid blue
lines) are shown. If available, error bars are also plotted. The red shading represents the
pdf of the sum of the rate coefficients calculated from the posterior covariance matrix.

spective 95% confidence intervals of the sum of the optimized rate coefficients. Note that
the corresponding pdf of other optimized reaction rate coefficients were not calculated as
they should always follow a normal distribution if the Arrhenius parameters are sampled
normally [77]. The sum of two normally distributed random variables does not necessarily
follow a normal distribution due to correlations.

It is a possible concern that posterior uncertainties calculated from the covariance
matrix of the optimized parameters will be under-estimated as the Arrhenius parameters
of H2/CO reactions were not re-optimized in this case study and are therefore not taken
into account during the quantification of posterior uncertainties. This issue was addressed
in [1]. It was found that the posterior uncertainties of several rate coefficients were indeed
affected by the inclusion of additional reactions and targets, as these contain more chem-
ical information that can aid the quantification of parameter uncertainties. The observed
differences, however, were not very pronounced, and the more complete determination
of the posterior uncertainty usually led to narrower uncertainty bands (e.g. the uncer-
tainty of the self-reaction of HȮ2 radicals (R14/R15) was reduced from fposterior = 0.71
at high temperatures to 0.57). Through correlation effects, several reactions benefitted
from the reduced uncertainty of R14/R15, mostly reactions involving HȮ2 radicals such
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as M47/M53 (ĊH3 + HȮ2 = products), M87/M88 (CH3OH + HȮ2 = products) as well
as M85 (CH3OH + O2 = ĊH2OH + HȮ2). It can be concluded that the posterior uncer-
tainties calculated from the optimized parameters serve as a safe upper estimate of the
uncertainties obtained from a full covariance matrix calculation.

3.3.4.2 Branching ratios

The analysis of branching ratios between different product channels is important for a bet-
ter understanding of complex chemical reaction mechanisms. While adjusting the overall
rate of a reaction may suffice for the reproduction of a certain measurement by means
of simulations, mechanisms that claim to be accurate over a wide range of experimental
conditions usually also include physically realistic branching ratios. In this section, some
of the most important branching ratios in methanol combustion are discussed.

As a part of this analysis, the probability density functions of branching ratios were
calculated by applying the same Monte Carlo sampling technique that was used above
for one reaction (or more precisely, the sum of two branches of the same reactions), to
two separate elementary reactions. The red shadings in Figures 3.3, 3.4 and 3.6 illustrate
these, this time with a 10 K resolution on a normal scale. 95% confidence intervals are
again shown using thin red lines. It can be seen that the highest probabilities are always
found close to the median of the respective ranges of uncertainty.

CH3OH+ ȮH = products (M83/M84)

The CH3OH+ȮH reaction has been discussed extensively by Metcalfe et al. [167], who
recommended using the reaction rates calculated by Xu and Lin [235]. As it has been noted
by Tsang [41], Xu and Lin [235], there is a considerable discrepancy between the branching
ratios of the CH3OH+ȮH reactions predicted by their theoretical calculations, and those
found in kinetic models. In their study [235], Xu and Lin compared theoretical results
to the branching ratios calculated from the rates found in the Marinov-1999 mechanism,
which used data from a review article of Tsang [41]. In the Tsang review [41], the accepted
branching ratio dates back to Hägele et al. [241], who performed direct measurements
at low temperatures. Many other mechanisms adopted rates that were refitted to the
experimental data of Hess and Tully [232] during the creation of the GRI-Mech 3.0 [53].
The branching ratios that are calculated from this refit follow a similar trend as Tsang’s
recommended rates.

It can be seen in Fig. 3.3 that the optimization favors branching ratios that are quali-
tatively similar to the rates found in the above mentioned mechanisms and review articles,
i.e. a strong temperature dependence is obtained. This trend is observed despite the fact
that the optimum search was also constrained by the inclusion of theoretical data of Xu
and Lin [235] and Jodkowski et al. [229], which are much less dependent on temperature.
The constant 85%/15% (M84/M83) branching ratio used in the Rasmussen-2008 mecha-
nism to reproduce their flow reactor measurements agrees with the optimized branching
ratio below 900 K. The strongly temperature-dependent branching ratios obtained during
the optimization are close to the theoretical values at low temperatures, but the impor-
tance of the two branches relative to each other switches at higher temperatures. This
qualitative behavior was also observed by Bott and Cohen [197], who carried out early
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Figure 3.3: Temperature dependence of the branching ratios of CH3OH+ȮH = ĊH2OH+
H2O (M84) and CH3OH + ȮH = CH3Ȯ + H2O (M83). Branching ratios recommended by
Xu and Lin [235] (black lines), Jodkowski et al. [229] (purple) and Bott and Cohen [197]
(blue) are compared to those found in the Leplat-2011 [162] (cyan), Marinov-1999 [163]
(orange) and Rasmussen-2008 [128] (green) mechanisms, the initial (adopted from [197],
blue) and the optimized C1 mechanism (thick red). Distribution plots of the sampled
branching ratios at selected temperatures are shown above the main plot.
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transition state theory calculations. Note that the theoretical rate determinations of Bott
and Cohen [197], which were adopted by Li et al. [126] and therefore also appear in the
initial C1 mechanism, could not be used as optimization targets in the present work as
the temperature range in which these calculations are valid was not reported.

Apart from the 95% confidence intervals and red shading that illustrates the pdf of
the branching ratios obtained via sampling, Fig. 3.3 also contains distribution plots at
selected temperatures (upper part). If both branches are similarly important, then the
distribution of the branching ratio can be well approximated using a normal distribution.
As the histograms indicate, the assumption of a normal distribution is only approximate
for branching ratios close to 0% or 100%. In a temperature range of about 1500 to 2200
K, the CH3OH + ȮH branching ratios implemented in the Marinov-1999 and Leplat-2011
mechanisms are within the confidence interval of the optimized ratios.

CH3OH+ Ḣ = products (M80/M81)

As Fig. 3.4 shows, the optimized branching ratio of CH3OH+Ḣ up to temperatures of
1400 K is similar to those suggested by Kerkeni and Clary [228] and Meana-Pañeda et al.
[226], but differs by more than 15% from those of Jodkowski et al. [229] and Carvalho
et al. [227] as the temperature increases. Only in a temperature range of 1400 to 1800
K, the branching ratios obtained agree with the fixed 80%/20% ratio (M80/M81) defined
in the mechanisms of Leplat et al. [162], Marinov [163] and Li et al. [126]. In accordance
with all theoretical predictions, the importance of the secondary CH3Ȯ + H2 channel
(M81) increases at higher temperatures. The reached optimum favors a branching ratio
of 55%/45% at T = 2500 K as opposed to 80%/20% predicted in some of the most recent
theoretical studies. This deviation is less striking when considering the increased uncer-
tainties of the simulated branching ratios (more than ±15%) at high temperatures and
the uncertainties inherent to theoretical calculations. For the reasons discussed above and
despite the observed discrepancies, the use of constant branching ratios for the CH3OH+Ḣ
reaction is not recommended.

CH3OH+HȮ2 = products (M87/M88)

Klippenstein et al. [157] performed a global uncertainty analysis of methanol combus-
tion at elevated pressures, and highlighted the importance of the CH3OH + HȮ2 reaction
(M87/M88) for reducing the uncertainty of ignition delay time predictions. Theoretical
calculation results for the rate coefficients of CH3OH + HȮ2 were published not only by
Klippenstein et al. [157], but also by Alecu and Truhlar [236] and Altarawneh et al. [237]
in the same year. While the theoretical calculations and the optimized rate coefficients of
the minor branch, CH3Ȯ + H2O2 (M88) do not differ substantially, optimized values for
the other branch, yielding ĊH2OH + H2O2 (M87), were obtained that are about one or-
der of magnitude higher than those calculated by Klippenstein et al. [157] at combustion
temperatures, see Fig. 3.5. The optimization results for M87 are, however, in reasonably
good agreement with Alecu and Truhlar [236] and Altarawneh et al. [237]. The latter
values were also chosen in a recent experimental and modeling study of Burke et al. [100]
and an enhancement of their model’s predictive performance was observed by the authors
as a consequence of this decision. Despite the observed discrepancies, all three theoretical
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Figure 3.4: Temperature dependence of the branching ratios of CH3OH+Ḣ = ĊH2OH+
H2 (M80) and CH3OH+Ḣ = CH3Ȯ+H2 (M81). Branching ratios recommended by Meana-
Pañeda et al. [226] (black lines), Carvalho et al. [227] (orange), Kerkeni and Clary [228]
(green) and Jodkowski et al. [229] (purple) are compared to those found in the Leplat-
2011 and Marinov-1999 mechanisms [162, 163] (cyan), the initial C1 mechanism/Li-2007
mechanism (blue) and the optimized C1 mechanism (thick red). Distribution plots of the
sampled branching ratios at selected temperatures are shown above the main plot.
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determinations of rate coefficients were used as optimization targets with equal weights
through the assigned uniform standard deviations. As the Arrhenius plots in Fig. 3.5
show, Klippenstein et al.’s rate coefficient values were not approached during the iterative
optimization process, most certainly to ensure a sufficient accuracy in describing ignition
delay time measurements.

Figure 3.5: Arrhenius plots for CH3OH + HȮ2 = ĊH2OH + H2O2 (M87) and CH3OH +
HȮ2 = CH3Ȯ + H2O2 (M88), including initial and optimized rate coefficients with their
prior and posterior 3σ uncertainty ranges, respectively. Theoretical calculations shown:
Klippenstein et al. [157] (dash-dotted green lines), Alecu and Truhlar [236] (orange dashed
lines), Altarawneh et al. [237] (dash-dot-dotted black lines).

Figure 3.6 illustrates the temperature dependence of the branching ratios for this pair
of reactions. The optimized branching ratios are in good qualitative agreement with all
theoretical calculations and mechanism predictions, with the exception of Klippenstein
et al. [157]. The uncertainties of the branching ratios again increase with temperature,
and the 95% confidence intervals comprise all displayed branching ratios at temperatures
above 2000 K (above 1600 K, if Klippenstein et al.’s values are disregarded).

3.3.4.3 Overall performance

As shown in Table 3.4, the average error function value of the optimized C1 mechanism,
the initial C1 mechanism and the Li-2007 mechanism are well below the threshold value of
E = 9. This means that on average the data can be described well within a 3σ uncertainty
by these mechanisms. Overall, the optimized C1 mechanism developed in this case study
performs better than any of the 19 mechanisms collected from the literature, both overall
and separately for each type of data and with the exception of the formaldehyde ignition
data subset, for which SanDiego-2014 and SaxenaWilliams-2007 mechanisms are slightly
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Figure 3.6: Temperature dependence of the branching ratios of CH3OH +
HȮ2 = ĊH2OH + H2O2 (M87) and CH3OH + HȮ2 = CH3Ȯ + H2O2 (M88). Branch-
ing ratios recommended by Klippenstein et al. [157] (green lines), Alecu and Truhlar [236]
(orange) and Altarawneh et al. [237] (black) are compared to those found in the initial
(blue) and the optimized C1 mechanisms (thick red). Distribution plots of the sampled
branching ratios at selected temperatures are shown above the main plot.

more accurate. While the optimized mechanism performs only marginally better than the
Li-2007 mechanism for laminar burning velocity data, its major advantage is the highly
improved accuracy in 0D simulations, particularly with regard to ignition delay times and
species concentration profiles.

The re-optimization of R14/R15 has only a small effect on the simulation results
for hydrogen and syngas combustion. Compared to the optimized hydrogen and syngas
mechanism of Varga et al. [6], the overall E values changed slightly, from 6.48 to 6.85 for
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hydrogen combustion (see also Table II in [6]) and from 8.43 to 9.22 for syngas combustion
(Table III in [6]). Some data subsets, such as hydrogen speciation profiles and syngas
flames, are actually predicted more accurately as a result of the re-optimization, while
the opposite can be observed e.g. for very lean flames and some ignition delay times
obtained in RCMs. Overall, the present mechanism is still well applicable for hydrogen and
syngas combustion simulations, and the optimized rate coefficient of reaction R14/R15
is more consistent with the majority of direct measurement data and theoretical rate
determinations.

As a next step, the behavior of the optimized C1 mechanism was analyzed as a function
of temperature, pressure and equivalence ratio and compared to the other investigated
mechanisms. The following Figs. 3.7 to 3.13 include average error function values that
were calculated for various subsets of data. A mechanism is not shown in the plots if
it was found to be very poorly performing in an attempt to improve the readability of
the results for the other mechanisms. Details on exclusions can be found in the figure
captions.

Figure 3.7 shows the average agreement of the simulation results with methanol (RCM:
left parts, shock tube: middle parts) and formaldehyde (right parts) ignition delay time
data. Note that in the overall comparison (Table 3.4), 20 shock tube data points with
CH3OH at T < 1000 K were excluded due to facility effects. These are shown in the
figure with gray shading. None of the mechanisms (except the optimized one) is able to
describe these data. For the plotted methanol data, the optimized C1 mechanism exhibits
weak dependences on temperature (with a slight increase as the temperature behind
the reflected shock wave in shock tube experiments increases), pressure and equivalence
ratio, while the other mechanisms fail to predict high-pressure shock tube data as well
as measurements at higher equivalence ratios. Similar dependences on temperature and
equivalence ratio are observed for CH2O fuel. Note that in the equivalence ratio subplot,
pyrolysis data are labeled with “inf.” (as the oxygen content in pyrolysis experiments is
close to zero, the equivalence ratio theoretically grows to infinity).

Weak trends were also observed for the optimized C1 mechanism with respect to the
dependence of the reproduction of laminar burning velocity data (Fig. 3.8) as a function
of cold side temperature and pressure. Some of the investigated mechanisms perform
poorly at rich conditions, while others capture the lean side somewhat less accurately.
The optimized C1 mechanism falls into the second category.

Some of the largest E values were found for jet-stirred reactor data (Fig. 3.9). As
for all types of speciation data, the results depend strongly on the species profile under
investigation. Therefore, three profiles (the respective fuel species, CO and CO2) were
selected for plotting. It can be seen in Fig. 3.9 that the CH3OH profiles are matched
insufficiently at low temperatures, high pressures and lean conditions by all investigated
mechanisms. It is difficult to draw conclusions from the observed trends, as the space of
conditions in the experiments is not covered well (e.g. high pressure data were obtained
for lean and stoichiometric mixtures, but not for rich mixtures). Diluent effects may also
play an important role. CO profiles exhibit similar trends than CH3OH profiles, although
less pronounced. CO2 is – on average – the worst reproduced species by almost all
mechanisms, particularly at high temperatures (unlike CH3OH and CO profiles), elevated
pressures and at lean conditions. The optimized C1 mechanism is typically among the
best performing mechanisms for JSR data.
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Results for concentration–time from flow reactor and shock tube experiments are
shown in Fig. 3.10. A distinction of the measurement facility was only carried out if
the individual average error function values differed largely (note labels such as “all”,
“flow (reactor)” or “ST” (shock tube) at the top end of the shown plots). Some subsets
of data could not be reproduced with certain mechanisms, and results are inconclusive
regarding possible dependencies on pressure, temperature and equivalence ratio. A some-
what higher inaccuracy is observed for CO and CO2 profiles at elevated pressures and in
rich mixtures.

The last remaining type of speciation measurements, flow reactor outlet concentration
profiles, are shown in Fig. 3.11. While E values are generally lower compared to e.g. JSR
data, some striking trends can be observed. CH3OH profiles are the worst reproduced
at higher temperatures, lower pressures and at stoichiometric or slightly rich conditions.
Correlation effects may play a role here again, as the number considered data points
is rather small. The highest E values for CO and CO2 profiles can be found at high
temperatures, higher pressures, and lean conditions.

In all data behind Figs. 3.8 to 3.11, CH3OH was the fuel (or a component in a
fuel mixture). Figures 3.12 and 3.13 show results for speciation data with CH2O fuel.
High E values are observed for most mechanisms at very rich conditions in flow reactor
concentration–time measurements (Fig. 3.12), while in outlet concentration measurements
(Fig. 3.13), it is typically the lean side on which the experimental profiles are matched
worse by simulation results.

3.3.4.4 Detailed performance for selected data

Figures 3.14 to 3.16 illustrate the ability of the optimized C1 mechanism to describe se-
lected experimental data in comparison to three selected published mechanisms (Li-2007,
Rasmussen-2008 and SanDiego-2014) and the initial C1 mechanism. The uncertainties
in the optimized rate coefficients were propagated to the uncertainty of the simulation
results. This propagation uncertainties and the description of the latter with the help of
a pdf follows the ideas of Sheen and Wang [63], although a different method was chosen
here: The optimized reaction rate parameters were sampled using the calculated pos-
terior covariance matrix that was merged with the covariance matrix of the Arrhenius
parameters of H2/CO reactions as published by Varga et al. [6]. Correlation coefficients
between these H2/CO reactions and reactions optimized in this work were assumed to
be zero. 10,000 samples were created and simulations were carried out at each measured
data point. Between these points, the means and standard deviations were interpolated
to obtain a continuous representation of the pdf as the function of the varied parameter
in the respective experiment.

Figure 3.14 shows a comparison of typical shock tube and RCM cases. It can be seen
that the uncertainties in RCM simulations are much larger than in shock tube simulations.
For the investigated series of RCM measurements, all data points lie within the range of
simulation uncertainties, unlike some predictions of the other mechanisms. For the shock
tube dataset selected for plotting here, only data points at high temperatures are within
the corresponding uncertainty range obtained with the optimized C1 mechanism. Note
that none of the mechanisms is able to describe this particular dataset well over the whole
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Figure 3.7: Performance of the mechanisms for various ranges of temperature, pressure
and equivalence ratio with respect to three types of ignition delay time data: RCM data
with CH3OH fuel (left part), shock tube data with CH3OH fuel (middle part) and shock
tube data with CH2O fuel (right part). Gray shaded: shock tube experiments at T <
1000 K without volume–time histories that were excluded in the general comparison. The
respective number of data points is given in brackets. Not shown: Leplat-2011, Marinov-
1999, USC-II-2007.
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Figure 3.8: Performance of the mechanisms for various ranges of temperature, pres-
sure and equivalence ratio with respect to laminar burning velocity data. Fuel is always
CH3OH. The respective number of data points is given in brackets. Only non-penalized
data were used in the analysis, error function values for the penalized data are shown on
the right side of each plot. See Section 2.3.3.3 for further information on the penalization
of data. Not shown: AAU- 2008, Alzueta-2001, Johnson-2009 (no transport data defined).
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Figure 3.9: Performance of the mechanisms for various ranges of temperature, pressure
and equivalence ratio with respect to jet-stirred reactor outlet concentration data for
three different species: CH3OH (left part), CO (middle part) and CO2 (right part). Fuel
is always CH3OH. Not shown: Kathrotia-2011.
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Figure 3.10: Performance of the mechanisms for various ranges of temperature, pres-
sure and equivalence ratio with respect to flow reactor (“flow”) and shock tube (“ST”)
concentration–time data for three different species: CH3OH (left part), CO (middle part)
and CO2 (right part). Fuel is always CH3OH. Not shown: Kathrotia-2011.
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Figure 3.11: Performance of the mechanisms for various ranges of temperature, pressure
and equivalence ratio with respect to flow reactor outlet concentration data for three
different species: CH3OH (left part), CO (middle part) and CO2 (right part). Fuel is
always CH3OH.
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Figure 3.12: Performance of the mechanisms for various ranges of temperature, pressure
and equivalence ratio with respect to flow reactor concentration–time data for three dif-
ferent species: CH2O (left part), CO (middle part) and CO2 (right part). Fuel is always
CH2O. Not shown: Kathrotia-2011.
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Figure 3.13: Performance of the mechanisms for various ranges of temperature, pressure
and equivalence ratio with respect to speciation data: CH2O concentration–time profiles
from shock tubes (left part), CO (middle part) and CO2 (right part) outlet concentration
profiles from flow reactors. Fuel is always CH2O.
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temperature range. While the optimized C1 mechanism captures the experimental results
at high temperature, Rasmussen-2008 shows better agreement at low temperature.

For a CH3OH/O2/N2 oxidation case at 10 atm [100], the comparison between simula-
tion results and experimental data obtained in a jet-stirred reactor is shown in Fig. 3.15.
The optimized C1 mechanism approaches the measured O2 mole fractions at lower temper-
atures the closest, but fails to match them perfectly. Other species profiles can be captured
more accurately by the simulations; and the measurement points are often found within
the respective simulation uncertainty ranges. The uncertainty of the simulation depends
on the species examined, which indicates that some of the more uncertain reactions have
a stronger impact e.g. on the simulated mole fraction of CO, but not on other species
such as CH2O and CO2.

The performance of the mechanisms for atmospheric methanol/air flames measured
without preheating, i.e. at room temperature is shown in Fig. 3.16. Measured laminar
burning velocities differ from each other by up to 7 cm/s, the plotted mechanism predic-
tions are within 3 cm/s of each other, with the notable exception of the Rasmussen-2008
mechanism that strongly under-predicts lean and near-stoichiometric flames, but captures
the rich side fairly well. It can be seen that the optimized C1 mechanism, similarly to the
Li-2007 mechanism, represents a good compromise between the partially contradictory
experimental results, which is the expected outcome of an optimization process. The
uncertainty of the simulation results increases with the equivalence ratio, coincidentally
together with the typical measurement uncertainties. The better agreement of the op-
timized C1 mechanism with heat-flux burner measurements is apparent. The standard
deviation of the simulated burning velocities obtained from the Monte Carlo sampling pro-
cedure can be as high as 2.4 cm/s at rich conditions, and it is 0.4 cm/s at lean conditions,
and results in a simulation uncertainty that is comparable to the scatter of the available
experimental data. It can be shown that the uncertainty of the most sensitive H2/CO
reactions has the most significant contribution to the simulation uncertainty for flames,
and these are also the reactions that are the most sensitive overall at the conditions of
flame propagation experiments (see Table A.4 in Appendix A).

Overall, the detailed results of this analysis shown in this section prove that simu-
lations performed with the optimized C1 mechanism are accurate over a wide range of
experimental conditions.

3.3.5 Summary
The optimization of a detailed methanol and formaldehyde combustion mechanism start-
ing from an updated version of the kinetic scheme of Li et al. [126] is discussed in the
present case study. A large amount of experimental data was collected from the litera-
ture including ignition delay times, laminar burning velocities, speciation data and direct
measurements of rate coefficients, and also theoretical rate coefficient determinations. As
a result of local sensitivity analysis, 57 Arrhenius parameters of 17 elementary reactions
were selected for optimization. All direct measurements and theoretical determinations
available for these reactions were used to outline the temperature-dependent prior uncer-
tainty bands of the rate coefficients. The case study provided optimal values for all fitted
rate parameters and also uncertainty bands for the optimized rate coefficients. Apart from
a description of the uncertainties in the optimized reaction rate coefficients, their propa-

60



Figure 3.14: Simulation results vs. experimental data of Burke et al. [100] for selected
shock tube and RCM ignition delay time measurements: Comparison of the optimized
and initial C1 mechanisms against three published mechanisms [126, 128, 164]. At each
temperature, the gray shading represents the pdf calculated from the posterior covariance
matrix, and the color black represents the maximum of the pdf across all temperatures.
The uncertainty of the measurements was estimated to be 20% [100], which is represented
by the error bars shown.

gation to the uncertainties of the branching ratios for the H-atom abstraction reactions
from methanol by ȮH, Ḣ and HȮ2 radicals was discussed in detail.

The optimized C1 mechanism does not only show the overall best description of the
currently available experimental data for methanol and formaldehyde combustion in com-
parison with 19 published mechanisms, but also features optimized rate parameters con-
sistent with the respective literature values. The new rate parameters of the 17 optimized
reactions can be considered the best representation of the overall kinetic information that
can be extracted from the utilized experimental data.

If the parameters for all of the important rate coefficients are optimized, then the
obtained rate coefficients will not be bound by the kinetic scheme or, in other words,
they will not be model-dependent. In this case, the exact values of the other, non-
optimized rate parameters can be assumed to have a negligible influence on the optimized
parameter values and the posterior covariance matrix calculated. This statement is true
if the underlying kinetic mechanism is complete, i.e. important reaction pathways are
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Figure 3.15: Simulation results vs. experimental data of Burke et al. [100] for selected
JSR species concentration measurements: Comparison of the optimized and initial C1
mechanisms against three published mechanisms [126, 128, 164]. Species CH4 is not
shown here. At each temperature, the gray shading represents the pdf calculated from
the posterior covariance matrix, and the color black represents the maximum of the pdf
across all temperatures. Thin solid lines of the respective color are used for the 1% and
99% quantiles corresponding to the displayed uncertainty ranges.
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Figure 3.16: Simulation results vs. experimental data for methanol/air flames at T =
298 K and p = 1 atm: Comparison of the optimized and initial C1 mechanisms against
three published mechanisms [126, 128, 164]. Measurements: #1 – Egolfopoulos et al.
[38]; #2 – Saeed and Stone [102] (at a p = 1 bar); #3 – Gülder [105] (at p = 1 bar and
Tpreheat = 300 K), #4 – Metghalchi and Keck [106]; #5 – Vancoillie et al. [111]; #6 – Voss
et al. [114]. At each temperature, the gray shading represents the pdf calculated from the
posterior covariance matrix, and the color black represents the maximum of the pdf across
all temperatures. The maximum uncertainties of the Gülder [105], Metghalchi and Keck
[106] measurements were estimated to be ±2 cm/s. The accuracy of the Vancoillie et al.
[111] measurements was reported to be better than ±0.8cm/s (2σ), although Alekseev
et al. [142] state that these may have a higher uncertainty of about ±2cm/s. Voss et al.
[114] reported that the laminar burning velocities measured in different laboratories are
reproducible with ±0.2 cm/s, their average SL values are shown here.

not missing. Also, it is assumed that the rate parameters of these unimportant reaction
steps have “good” estimates (e.g. within an order of magnitude of the real values) at
the investigated conditions. Both assumptions are valid for relatively well-known systems
such as the one studied in this case study and the developed C1 mechanism in particular.
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3.4 Case study II: An optimized ethanol and acetalde-
hyde combustion mechanism

The case study (also referred to as C2 case study) presented in this section is based on an
article that appeared in the International Journal of Chemical Kinetics in 2016 [2]. Some
modifications were made here in comparison to the originally published article:

i) Reevaluation of laminar burning velocities measured with heat flux burners in ac-
cordance with the findings of Alekseev et al. [142]. Therefore, E values had to be
recalculated.

ii) JSR integrator tolerances were changed and are now consistent with those used
in Section 3.3. In this way, some data points could be added to the comparison,
which previously had to be excluded: point 1 of x00003002.xml, points 1,2 and 8 of
x00003003.xml. All JSR simulations were performed again using these tolerances.
Therefore, E values had to be recalculated.

iii) Addition of shock tube ignition delay time data and speciation data using CH3CHO
as a fuel. Details are described in Section 3.4.1.

iv) The shock tube dataset x10003038.xml is not considered anymore; it is a duplicate
of x10003028.xml.

v) Measured concentrations of CH3CHO, CH2O and C2H4 are taken into account for
the comparison of mechanisms.

vi) Five more published mechanisms were added to the comparison shown in Sec-
tion 3.4.2: NUIG-16.09-2016, Christensen-2016, CaltechMech-2015, LeCongDagaut-
2009 and USC-II-2007.

3.4.1 Collection of indirect experimental data from the litera-
ture

A large amount of experimental data has been published on ethanol and acetaldehyde
combustion. A comprehensive collection of these data was assembled starting from – but
not limited to – the collection of ethanol combustion data reviewed by Sarathy et al.
[16]. Table 3.7 shows an overview of the collected data, also listing typical ranges of
temperature, pressure and equivalence ratio.

Ignition delay times were measured in shock tubes, using mixture of O2 with either
Ar or Ne/Ar diluents [94, 96, 99, 242–246]. In other experiments [247–251], technical
air was used to dilute ethanol. Time-to-ignition data measured in a rapid compression
machine (RCM) were published by Mittal et al. [168]. A limited number of acetaldehyde
shock tube data were published by Yasunaga et al. [252] (in Ar; also including data for
H2/CH3CHO fuel) and Dagaut et al. [253] (in N2) A summary of all collected ignition
delay time datasets can be found in ?????? of E-Appendix C.

Ethanol laminar burning velocities were measured in spherical bombs [7, 105, 112,
244, 254–267] (summarized in ?? of E-Appendix C), using the counterflow twin flame
technique [108, 268] (see ??) or heat flux burners [113, 114, 269–276] (see ??). Laminar
burning velocity data for acetaldehyde fuel were published by Christensen et al. [277] (see
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??). Except for Nauclér and co-workers [273, 274], who carried out measurements in Ar
and CO2 dilution with pure O2 oxidizer, all C2 flame studies were carried out with dry or
wet air. Several laminar burning velocity measurements carried out in heat flux burners
were corrected in the present work, following the suggestions of Alekseev et al. [142].

A large variety of species concentration profiles were measured in flow reactors [278–
281], jet-stirred reactors (ethanol fuel: [162, 282], acetaldehyde fuel: [253]), and shock
tubes (ethanol fuel: [136, 283], acetaldehyde fuel: [136, 252, 284]) over a wide range of con-
ditions. Details on the collected speciation measurements can be found in ??????????????
of E-Appendix C. It has been noted by Burke et al. [146] for the case of H2 combustion
that speciation measurements carried out in premixed flames cannot be utilized well for
a mechanism optimization, since all simulation results are far more sensitive to the tem-
perature profile used for the simulations than to the kinetic parameters. Since the main
purpose of this data collection was the subsequent mechanism optimization, such premixed
flame speciation measurements (e.g. [162, 285–290]) were not used in our present work.
Another type of speciation measurements, counterflow flame speciation data, are less af-
fected by the uncertainties caused by temperature profiles; however, only a small amount
of data was found in the literature for the investigated fuel systems [165]. Counterflow
measurements of species profiles can be subject of large uncertainties, as discussed by Ju
[153]. Therefore, this type of data was not considered for optimization and mechanism
testing either.

For a number of reasons, some experimental data were not or could not be used in the
present work. None of the tested reaction mechanisms was able to reproduce the burning
velocity data of Eisazadeh-Far et al. [291] and Wang and Wang [292], indicating that
these measured values are in contradiction to all other collected data. The 298 K data
in Egolfopoulos et al. [268] were disregarded since they were obtained from extrapolating
data measured at higher temperatures, thus not representing real, independent measure-
ments. RCM ignition delay time data (e.g. [248]) had to be omitted if the corresponding
pressure–time profiles that are of crucial importance for an accurate modeling could not
be obtained from the authors. The shock tube data in [94] and a number of flow reactor
speciation data in [278, 279] were found to be inconsistent with other data or could not
be reproduced by any of the mechanisms tested and were therefore not considered.

A database for ethanol and acetaldehyde combustion was created from these indirect
experimental data, containing 16,004 data points in 224 datasets (compared to 12,348
data points in 206 datasets used in [2]), which was used to compare the performance of
published mechanisms (Section 3.4.2) and in the following optimization (Section 3.4.3).
All relevant experimental conditions and results were encoded in the RKD v2.0 format
[87, 88] and are available on the ReSpecTh webpage [79].

3.4.2 Comparison of applicable combustion mechanisms
In recent years, detailed reactions mechanisms to model the combustion of ethanol and
other fuels were published by Kathrotia [160] (63 species/420 reactions, with NOx chem-
istry), Konnov [161] (129/1231, developed for C2/C3 hydrocarbons and oxygenates), Lep-
lat et al. [162] (60/397), Marinov [163] (57/383), Herzler and Naumann [293] (64/399,
“RDmech-2009”), the San Diego group [164] (50/244, optionally with NOx), Saxena and
Williams [165] (59/288 with and 46/235 without NOx), and the Zaragoza group [294]
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Table 3.7: Overview of the collected indirect measurements for the combustion sys-
tems ethanol and acetaldehyde. Pure ethanol was used as fuel, unless otherwise stated in
brackets. The data are grouped by the respective type of measurement and the experi-
mental facility. The numbers of included datasets and data points, as well as the ranges
of temperature, pressure and equivalence ratio are indicated.

Type of measurement References Data- Data p / atm T / K ϕexperimental facility sets points
Ignition delay times 50 572

Shock tubea [96, 99, 242,
243, 247–250] 38 433 0.2–91.5 801–2222 0.25–2.00

Shock tube (CH3CHO) [252, 253] 9 119 1.5–5.0 1253–1734 0.50–2.50
Rapid compression machine [168] 3 20 9.6–49.9 831–983 0.3
Burning velocity measurements 124 1,011

Outwardly/ spherically propagating flames [105, 254–
265] 70 479 1.0–13.8 300–500 0.55–1.60

Counterflow twin-flames [108, 268] 4 89 1 343–453 0.57–1.82

Heat flux method [113, 114,
269–276] 45 389 0.9–1 298–423 0.55–1.60

Heat flux method (CH3CHO) [277] 5 54 1 298–358 0.60–1.80
Concentration measurementsb 50 14,421
Flow reactor concentration–time profiles [278, 279] 12 1,809 1–12 800–1092 0.60–1.41
Flow reactor outlet profilesc [280, 281] 10 459 1 760–1400 0.03–5.00
Jet-stirred reactor outlet profiles [162] 4 495 1 890–1252 0.25–2.00
Jet-stirred reactor outlet profiles (CH3CHO) [253] 5 281 1–10 957–1302 0.09–1.60
Shock tube concentration–time profiles [244, 283] 14 11,029 1.1–1.5 1240–1700 pyr.
Shock tube conc.–time profiles (CH3CHO) [136, 284] 4 258 0.3–1.9 1278–1717 pyr.
Shock tube outlet profiles (CH3CHO) [252] 1 90 1.3–2.8 1013–1577 pyr.
a Includes one dataset (with 15 points) in which C2H5OH was an additive to CH4 fuel.
b Considered species: the “major species” (C2H5OH, O2, CO, CO2, H2, H2O, CH4, C2H2, m/z––28 [244] and C2Hn [283])

used in [2], as well as CH3CHO, CH2O and C2H4. Each measured species concentration is counted as separate data point.
For example, a dataset in which 5 species were recorded at 10 times/distances/temperatures has 5 * 10 = 50 data points.

c Fuels: C2H2 and C2H5OH 6 datasets/288 data points, C2H5OH: 3/135, C2H2: 1/36.

(79/536, with NOx). Röhl and Peters [295] published a reduced, but still compara-
tively comprehensive ethanol mechanism (38/228). Mechanisms employing the PLOG
formalism to describe pressure dependence were published by Metcalfe et al. [167] at NUI
Galway (124/766), with an update for ethanol Mittal et al. [168] (113/710). A later up-
date of the NUIG mechanism [100] (“NUIG-16.09-2016”, 150/930) also contains subsets
of ethanol and acetaldehyde reactions. Larger mechanisms that can be used for modeling
ethanol and acetaldehyde data were published by Christensen et al. [92] (98/1098, devel-
oped for methanol, but containing a large number of C3 reactions), Dagaut and Togbé
[296] (228/1737, iso-octane/butanol/ethanol), Johnson et al. [159] (237/1415, propanol),
Ogura et al. [297] (634/2391, primary reference fuel), the UCL group [298] (184/1027,
benzene) and Zhong and Zheng [299] (52/204, skeletal mechanism for the co-combustion
of primary reference fuel and ethanol). Mechanisms that can be used to model acetalde-
hyde combustion, but contain no sub-mechanism for ethanol, were developed at Caltech
[158] (“CaltechMech-2015”), by Le Cong and Dagaut [300] and Wang et al. [166] (“USC-
II-2007”). As in Case Study I, mechanism identifiers such as “Kathrotia-2011” for the
mechanism of Kathrotia [160] were used for easier referencing (see Table 3.8 for a list of
these identifiers).

Inert species Kr and Ne were added to all mechanisms, assuming unit third body colli-
sion efficiencies for these species, and Ar was added to the Marinov-1999 and RöhlPeters-
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2009 mechanisms. Different reaction rate coefficients were included for a subset of reac-
tions depending on the pressure level in the DagautTogbé-2012 and USC-II-2007 mecha-
nisms. In simulations, the set of rate parameters was chosen that matches the pressure
in an individual experiment the closest on a logarithmic scale.

The Zaragoza-2011, Johnson-2009, Ogura-2007 and LeCongDagaut-2009 mechanisms
were published without transport data, which is why laminar premixed flames were not
simulated with these mechanisms. CHEMKIN-II PREMIX calculations using the Kathrotia-
2011, Konnov-2009 and DagautTogbé-2012 mechanisms did not provide converged so-
lutions for all conditions at which laminar burning velocities were measured. To allow
for a comparison of these mechanisms with respect to laminar burning velocities, addi-
tional simulations were performed with the OpenSMOKE and FlameMaster solvers. Note
that laminar burning velocity results could not be obtained with any of the solvers for
the UCL-44f-2013 mechanism. As FlameMaster supports the PLOG formalism, it was
also used for all simulations with the Aramco1.3-2013, Mittal-2014 and NUIG-16.09-2016
mechanisms. While the agreement between CHEMKIN-II and FlameMaster in the results
of zero-dimensional simulations is excellent, larger discrepancies (up to a few cm/s) were
observed between the laminar burning velocity results using the three different solvers.

Table 3.8 shows the average error function values for all investigated mechanisms, over-
all and for each type of experimental data and fuel (C2H5OH and CH3CHO) separately.
As Eq. (2.24) is a sum-of-square function, it is intuitive that a lower value represents a bet-
ter agreement between simulations and measurements. An E value of 1 would mean that
a mechanism is able to describe all experimental data perfectly, and that the remaining
discrepancy would only be due to the scatter of the measurements.

3.4.3 Optimization of an ethanol and acetaldehyde combustion
mechanism

3.4.3.1 Development of an initial mechanism for C2 optimization

The mechanism of Saxena and Williams [165] was chosen as a starting point for the
development of an initial C2 mechanism based on its overall satisfying – although overall
not the best, especially for acetaldehyde data – performance in predicting the collected
measurement data (see Section 3.4.2) and its suitable size. The H2/CO core of the original
mechanism was replaced by the optimized syngas mechanism developed by Varga et al.
[6] and the excited ȮH radical reactions were added to the mechanism. Furthermore,
the interaction of excited ȮH with CH4 was considered [301], which was not part of the
original Varga et al. [6] mechanism. Noble gases Kr and Ne were also added as possible
third body collision partners as they are used as bath gases in some experimental studies.
Unit third body collision efficiencies were used for Kr and Ne in all pressure-dependent
reactions.

In the original mechanism of Saxena and Williams [165], the decomposition of ac-
etaldehyde was assumed to be pressure-independent and only the dominant route to the
products ĊH3 + HĊO (reaction (147) in [165]) was considered. As in the recent work of
Metcalfe et al. [167], the suggestion of Sivaramakrishnan et al. [302] to introduce pres-
sure dependence and adding a second pressure-dependent branch yielding CH4 + CO was
adopted in the creation of the initial C2 mechanism.
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Thermochemical data of ethylene (C2H4), ethyl radical (Ċ2H3), ethane (C2H6), vinyl
radical (Ċ2H3), ethanol (C2H5OH), acetaldehyde (CH3CHO), 1- and 2-hydroxyethyl rad-
ical (CH3ĊHOH and ĊH2CH2OH), ethoxy radical (CH3CH2Ȯ), allyl radical (Ċ3H5),
propylene (C3H6), propane (C3H8), iso-propyl (i-Ċ3H7), and n-propyl (n-Ċ3H7) were up-
dated with the values of Burke et al. [171] which were obtained with the group addi-
tivity method. In addition to this, the NASA polynomials of formaldehyde (CH2O),
methane (CH4, treated as anharmonic oscillator), methyl radical (ĊH3), singlet and
triplet methylene radical (C̈H2(S) and C̈H2(T)), methoxy radical (CH3Ȯ), methylidyne
radical (ĊH), acetylene (C2H2), vinoxy radical (ĊH2CHO), ethylene oxide (C2H4O),
ketene (CH2CO), ketenyl radical (HĊCO), ethynyl radical (ĊH), hydroxymethylene radi-
cal (ĊH2OH), methanol (CH3OH), acetyl radical (CH3CO), allene (C3H4) and propargyl
radical (Ċ3H3) were not covered in the review of Burke et al. [171], and the recommen-
dations of Goos et al. [170] (as of March 13, 2015) were used. The thermochemistry of
all other species, those that are also present in the H2/CO core mechanism, remained
unchanged to maintain backward compatibility.

After the modifications described in the previous paragraphs, the initial C2 mechanism
consisted of 49 species and 251 reactions (compared to 46 species/ 235 reactions in the
original Saxena and Williams [165] mechanism without NOx). The modifications of the
H2/CO chemistry and the CH3CHO decomposition step already led to an improvement
of the overall performance compared to the original Saxena and Williams [165] mecha-
nism (see Table 3.8). It can be shown that the changes made to the thermochemistry
affected the performance of the initial C2 mechanism to a lesser degree than the other
modifications.

3.4.3.2 Selection of rate parameters to be optimized

A brute-force first-order local sensitivity analysis (see e.g. Section 2.3.3.4 and Chapter
5.2 of [22]) at the conditions of the indirect experimental data (see Section 3.4.1, with the
exception of the newly added data as described in the introduction of this case study) was
carried out using the initial C2 mechanism. For each simulated experimental data point,
the sensitivities corresponding to a 5% change of the A factors, including those at low
pressure, of each reaction step were calculated. The rate parameters of those reactions
were selected for optimization that produced high sensitivity coefficient values at several
experimental conditions. A complete overview of all important reactions for different
types of measurements and fuels can be found in Tables A.4 and A.7 to A.12 in Appendix
A. Several important reactions are part of the H2/CO subsystem and have previously
been optimized [6]. These reactions were not selected for re-optimization to preserve
mechanism hierarchy. The reactions chosen for optimization are found in Table 3.9.

Altogether, 54 Arrhenius parameters of 16 reactions were selected. Typically, the
relative sensitivity values for the third body collision efficiencies were very low and an
optimization of these factors would not lead to a significant overall improvement of the
mechanism, which is why collision efficiencies were not optimized in the present case study
and also not shown in the tables of Appendix A. For reactions E176 and E177, both the
high- and the low-pressure limit Arrhenius parameters were optimized, for reaction E68
only the LPL one. All three Arrhenius parameters (A, n, E) of the selected reactions
were optimized. Thus, for reactions E60, E63, E176, and E177, a three-parameter descrip-
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tion was preferred over the temperature-independent (reaction E63) or the (A, E)-type
parametrization (HPL of E176) suggested by Saxena and Williams [165].

Reactions C2H4 + ȮH = ĊH2CH2OH (E193, among the more sensitive reactions for
ethanol species profile simulations) and CH3CH2Ȯ + M = CH3CHO + Ḣ + M (E195,
important in ethanol ignition simulations) were included in a trial optimization. The
calculated posterior uncertainty domains were, however, very large, indicating that the
datasets do not contain enough information to characterize these reactions quantitatively.
It was found that the inclusion of these reactions into the optimization only had a small
effect on the reduction of the error function values. Therefore, the rate parameters of
reactions E193 and E195 were not optimized in the present case study. Rate parameters
of further C1/C2 reactions were important at a very limited number of conditions only
and not included in the present optimization (for details see Appendix A). Note that if
acetaldehyde ignition and speciation measurements had been taken into account during
the preparation of [2], further reactions may have been taken into consideration for an
optimization: the acetaldehyde decomposition reaction E162, or reactions of acetaldehyde
molecules with ĊH3, Ḣ and ȮH radicals. All of these reactions show a moderate to high
relative sensitivity (see Tables A.8 and A.12 in Appendix A).

Table 3.9: Reactions selected in the C2 optimization study, the rate parameters in the
initial C2 mechanism and the optimized values of the parameters. Units are in cm, mol,
K and s. Values of the prior and posterior uncertainty parameters are given for the
temperature range of 500 to 2500 K.

No. Reaction string fprior fposterior Aorig norig Eorig/R Aopt nopt Eopt/R

E60 ĊH3 + ȮH = C̈H2(S) + H2O 1.00 0.15–0.51 4.000E+13 0 1259.38 5.480E+16 -1.275 186.31
E63 ĊH3 + HȮ2 = CH3Ȯ + ȮH 0.46–0.76 0.47–0.65 5.000E+12 0 0 7.910E+01 3.146 -2511.78
E68 LPL ĊH3 + Ḣ + M = CH4 + M 0.44–0.73 0.15–0.18 2.470E+33 -4.760 1227.98 2.236E+47 -8.821 4968.88
E104 C2H4 + ȮH = Ċ2H3 + H2O 0.32–0.73 0.15–0.37 5.530E+05 2.310 1491.53 7.759E-03 4.568 -287.39
E116 Ċ2H3 + O2 = ĊH2CHO + Ö 0.40 0.29–0.85 7.000E+14 -0.611 2648.43 1.564E+13 -0.034 2279.70
E176 HPL C2H5OH = ĊH3 + ĊH2OH 2.00 0.20–0.40 5.000E+15 0 41268.25 2.414E+41 -7.269 48499.10
E176 LPL C2H5OH + M = ĊH3 + ĊH2OH + M 2.50 0.17–0.49 3.000E+16 0 29189.73 7.497E+62 -12.403 51467.77
E177 HPL C2H5OH = C2H4 + H2O 1.00 0.13–0.38 8.000E+13 0 32712.63 7.864E+09 1.119 32534.24
E177 LPL C2H5OH + M = C2H4 + H2O + M 3.00 0.34–0.62 1.000E+17 0 27176.65 9.321E+72 -16.204 40116.78
E178 C2H5OH+ȮH = ĊH2CH2OH+H2O 1.00 0.23–0.46 1.810E+11 0.4 360.85 1.653E+07 1.502 -203.89
E179 C2H5OH + ȮH = CH3ĊHOH + H2O 1.40 0.06–0.20 3.090E+10 0.5 -191.24 1.294E+09 1.135 -228.85
E180 C2H5OH + ȮH = CH3CH2Ȯ + H2O 1.20 0.20–0.40 1.050E+10 0.8 360.85 1.637E+02 3.148 -286.29
E182 C2H5OH + Ḣ = CH3ĊHOH + H2 1.00 0.36–0.55 2.580E+07 1.6 1424.26 6.375E+13 -0.327 2707.89
E187 C2H5OH+ĊH3 = ĊH2CH2OH+CH4 1.00 0.25–0.54 2.190E+02 3.2 4841.47 1.861E+02 3.450 5542.85
E188 C2H5OH + ĊH3 = CH3ĊHOH + CH4 0.60 0.24–0.55 7.280E+02 3.0 4001.01 2.476E+01 3.368 3955.79
E189 C2H5OH + ĊH3 = CH3CH2Ȯ + CH4 0.80 0.39–0.73 1.450E+02 3.0 3850.03 9.533E-02 4.159 4119.00
E190 C2H5OH+HȮ2 = CH3ĊHOH+H2O2 1.00 0.11–0.33 8.200E+03 2.5 5435.33 5.544E+18 -1.808 8291.97
E196 LPL CH3CH2Ȯ + M = ĊH3 + CH2O + M 1.70 0.72–0.86 5.350E+37 -7.0 11977.86 4.170E+48 -10.226 13536.60

3.4.3.3 Collection of experimental and theoretical rate determinations from
the literature

Direct measurements and theoretical determinations of rate coefficients at conditions rel-
evant in combustion were collected for the selected reactions and used as additional opti-
mization targets. An overview of all determinations of rate coefficients collected and used
in the present case study can be found in Table 3.10. Tables D.46, D.47, D.51 and D.56
to D.60 of E-Appendix D contain more detailed information.

For the H-atom abstraction from C2H5OH by ȮH (reactions E178–E180 in the initial
C2 mechanism), in total 108 data points in 11 datasets [197, 327, 329–332] were collected,
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Table 3.10: Overview of the direct measurements and theoretical rate determinations
used in Case Study II. Note that some of the listed data are relevant for multiple reactions.

Relevant Reaction string Table in Direct measurements of rate coefficients Theoretical rate determinations
for E-App. 2 References Datasets Data points T / K References Datasets T / K

E60 ĊH3 + ȮH = C̈H2(S) + H2O D.51 [221] 1 16 1085–
1348 [220] 1 300–2500

E63 ĊH3 + HȮ2 = products D.46 [205] 1 3 414 – – –

ĊH3 + HȮ2 = CH3Ȯ + ȮH D.46 [206, 207] 2 19 1000–
1249 [208] 1 300–2500

E68 LPL ĊH3 + Ḣ + M = CH4 + M D.47 [303, 304] 4 32 401–601 [305] 2 300–5000
CH4 + M = ĊH3 + Ḣ + M D.47 [224, 306–312] 12 251 995–4466 – – –

E104 C2H4 + ȮH = products D.56 [313–317] 8 77 296–1931 – – –
C2H4 + ȮH = Ċ2H3 + H2O D.56 [318, 319] 2 22 651–1746 [314, 320–322] 4 200–5000

E116 Ċ2H3 + O2 = ĊH2CHO + Ö – – – – – – – –

E176/E177 C2H5OH + M = products D.57 [323, 324] 4 27 1213–
1662 – – –

E176 HPL C2H5OH = ĊH3 + ĊH2OH D.57 [325] 1 31 1321–
1895 [326] 1 700–2500

E176 fall-off C2H5OH ( + M) = ĊH3 +
ĊH2OH ( + M) D.57 [327] 4 46 1308–

1732 [326, 327] 8 700–2500

E177 HPL C2H5OH = C2H4 + H2O D.57 [325] 2 37 880–1895 [326] 1 700–2500

E177 fall-off C2H5OH (+M) = C2H4 +H2O (+M) D.57 [327, 328] 5 54 1045–
1732 [326, 327] 8 700–2500

E178–E180 C2H5OH + ȮH = products D.58 [197, 327, 329–
332] 8 61 296–1297 – – –

E179+E180 C2H5OH + ȮH = CH3ĊHOH + H2O
and CH3CH2Ȯ + H2O D.58 [329, 331, 332] 3 47 658–1274 – – –

E178 C2H5OH+ȮH = ĊH2CH2OH+H2O D.58 – – – – [235, 327, 333] 3 200–3000
E179 C2H5OH + ȮH = CH3ĊHOH + H2O D.58 – – – – [235, 327, 333] 3 200–3000
E180 C2H5OH + ȮH = CH3CH2Ȯ + H2O D.58 – – – – [235, 327, 333] 3 200–3000

D.58
E182 C2H5OH + Ḣ = CH3ĊHOH + H2 D.59 – – – – [334] 1 300–2500
E187 C2H5OH+ĊH3 = ĊH2CH2OH+CH4 D.60 – – – – [335] 1 600–3000
E188 C2H5OH + ĊH3 = CH3ĊHOH + CH4 D.60 [336] 1 1 423 [335] 1 600–3000
E189 C2H5OH + ĊH3 = CH3CH2Ȯ + CH4 D.60 – – – – [335] 1 600–3000
E190 C2H5OH+HȮ2 = CH3ĊHOH+H2O2 – – – – – – – –
E196 LPL CH3CH2Ȯ + M = ĊH3 + CH2O + M – – – – – – – –

either describing the rate coefficients for the sum of all three channels or just the sum of
E179 and E180. All three channels were investigated separately in the theoretical studies
of Sivaramakrishnan et al. [327], Zheng and Truhlar [333] and Xu and Lin [235]. The
decomposition of ethanol to ĊH3 + ĊH2OH (E176) and C2H4 + H2O (E177) was studied
at the high-pressure limit by Park and co-workers, both experimentally [325] (68/3) and
theoretically [326]. The two channels were also investigated in the fall-off region, by means
of theoretical calculations [326, 327] and in direct measurements (100/9). The sum of the
two channels was also studied [323, 324] (27/4). A single measured rate coefficient [336] at
423 K was included for C2H5OH + ĊH3 = CH3ĊHOH + CH4 (E188), as well as theoretical
calculations [335] for all three product channels of C2H5OH + ĊH3 (E187–E189). The
reaction of C2H5OH with Ḣ was only studied theoretically [334].

22 direct measurement data points in two datasets [318, 319] were found in the liter-
ature for the reaction C2H4 + ȮH = Ċ2H3 + H2O (E104) (not used: data of [318, 337])
as well as theoretical determinations from various authors [314, 320–322]. In addition to
these data describing the reaction yielding Ċ2H3 + H2O, direct measurements of the sum
of all product channels of the C2H4 + ȮH reaction were published [313–317] (77/8) and
used here.

Reaction ĊH3 + Ḣ + M = CH4 + M (E68) was studied in the forward direction exper-
imentally [303, 304] (32/4, not used: one dataset in [304] and the data of [338–340]) and
theoretically [305], and also in the reverse direction, but only experimentally [224, 306–
312] (251/12, not used: [341]). Following the reasoning of Golden [342], earlier theoretical
calculations of the same author [343] were not used in this case study.
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Theoretical results of Jasper et al. [208] and direct measurements of rate coefficients
[205–207] (22/3) for the ĊH3 + HȮ2 reactions (including E63) were considered. Reaction
ĊH3 +ȮH = C̈H2(S)+H2O was subject of an experimental study of Srinivasan et al. [221]
(16/1) and a theoretical determination by Jasper et al. [220].

Neither direct measurements at relevant conditions nor theoretical data were found
for reactions Ċ2H3 + O2 = ĊH2CHO + Ö (E116), C2H5OH + HȮ2 = CH3ĊHOH + H2O2
(E190) and CH3CH2Ȯ + M = ĊH3 + CH2O + M (E196 LPL) in the literature.

All data were encoded in the RKD v2.0 format [87, 88] and are available on the
ReSpecTh webpage [79].

3.4.3.4 Prior uncertainty domain of the optimized rate parameters

Global parameter optimization methods require the definition of a domain of uncertainty
of the parameters, as the optimal parameter set is sought for within this domain of un-
certainty. As outlined in Section 3.3.3.4, such constraints ensure that the rate parameters
found during the optimization are physically realistic. This aim is achieved if the prior
uncertainty domain of rate parameters is defined in such a way that it contains all physi-
cally realistic values for a given rate coefficient. As in all optimization studies of Turányi
and co-workers, the prior uncertainty domain was determined for the reactions selected
for optimization based on direct measurements and theoretical calculations found in the
literature. Typically, the collected articles report results of direct measurements by pro-
viding the values of the measured rate coefficient of an elementary reaction at various
temperatures, pressures, and possibly using different bath gases. The results of theoreti-
cal calculations are often fitted to an original, modified, or extended Arrhenius expression
that is valid for within a certain temperature range and – in case of a pressure-dependent
reaction – at specified pressure levels.

The systematic method for determining the prior uncertainty domain of the Arrhenius
parameters developed by Nagy et al. [26] has been applied to the present C2 system. Direct
measurements and theoretical determinations of rate coefficients were collected for each
of the elementary reactions selected in Section 3.4.3.2 from the NIST Chemical Kinetics
Database [239] and from review articles [162, 163, 165, 167, 247]. On an Arrhenius plot,
the temperature dependence of ln kmin and ln kmax outlines an uncertainty band of the
rate coefficient ln k. The distance of the kmin and kmax limits from the centerline defines
the temperature-dependent uncertainty parameter f(T ). The f(T ) points were converted
to the prior covariance matrix of the Arrhenius parameters for each investigated reaction
step [22, 77, 78]. As described in Section 2.3.3, this covariance matrix characterizes the
prior uncertainty domain of the parameters. The extrema of the uncertainty band were
used as the limiting values for the acceptance of reaction rate coefficients during the
optimization. Reactions E68 LPL and E104 could be treated this way, and a normal
probability distribution was assumed for these reactions. For all other reactions, too few
literature data were available, thus, temperature-independent prior f values had to be
assigned and a uniform probability distribution of the rate coefficients had to be assumed.

As in Case Study I, the prior uncertainty limits were determined by using the computer
codes [26, 78] u-Limits, UBAC and JPDAP (available for download [79]). Values of the
prior f(T ) limits for each optimized reaction can be found in Table 3.9. During the
optimization, these uncertainty ranges were enforced by discarding all sampled parameter
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sets that produced a rate coefficient that fell outside the corresponding uncertainty domain
in the temperature range of 500 to 2500 K.

A collection of data used for the estimation of the prior uncertainty limits can be found
in the Supporting Information Part 2 of the Olm et al. [2] article. The prior uncertainty
limits shown in this collection were determined by co-author Éva Valkó for the purpose
of this article. Values of the prior f(T ) limits for all selected reactions can be found in
Table 3.9.

3.4.3.5 Optimization strategy

In the final C2 optimization cycle, 724 direct rate coefficient measurements, 39 theoreti-
cal determinations of rate coefficients, 437 shock tube ignition data points, 19 RCM data
points, 614 laminar burning velocity measurements as well as species concentration points
from flow reactors, jet-stirred reactors, and shock tubes (1,644, 493, and 10,785 points,
respectively) were used. Combustion and pyrolysis data used as targets during the op-
timization are in a temperature range of 750 to 2400 K, (i.e., 1000 K/T ≈ 0.42–1.33)
and cover pressures up to 90 atm, although the majority of data were obtained at lower
pressures. The shock tube speciation data also included measurements of CH3CHO. This
species was not taken into consideration for the mechanism comparison in the Olm et al.
[2] article, but in this case study (see comment in the introduction of this case study and
Section 3.4.2).

In contrast to previous hydrogen and syngas optimization works [5, 6] and just like
in Case Study I, the obtained results of local sensitivity analysis revealed that kinetic
information can be inferred from jet-stirred reactor (JSR) experiments. JSR data were
therefore included as optimization targets.

The results of turbulent flow reactor experiments were interpreted by shifting the
simulated species profiles to match the simulated half depletion time of the fuel or an
alternative criterion for matching. (see Section 3.2). Varga et al. [6] argued that time
shifting during the interpretation of turbulent flow reactor data introduces a free pa-
rameter, hence, the uncertainties of rate parameters would be underpredicted, as most
of the systematic discrepancies between the experimental data and the simulation re-
sults are eliminated by shifting the concentration profiles. For this reason, flow reactor
concentration–time profiles were omitted from the calculation of the covariance matrix,
but still used as optimization targets. A few data points at the beginning or end of an
individual measurement were not used in optimization, if no reaction was observed in the
measured concentration–time profiles.

The present optimization involved fitting of 54 parameters to several thousand data
points, which is a computationally challenging task. Therefore, a systematic hierarchical
optimization strategy was devised. In the first optimization step, only those direct and
indirect data were selected as optimization targets that were sensitive only to the param-
eters of the lowest number of reactions (E104 and E116). In the next steps, more and
more reactions and relevant optimization targets were added following the same concept,
and all parameters added up until this point were optimized. The inclusion of the new
reactions was done in such a way that the amount of added experimental data points was
always kept at a maximum for each added reaction. Further reactions were included in
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the following order: E63, E178, E182, E176 HPL, E177 HPL, E196 LPL, E179, E180,
E190, E60, E176 LPL, E177 LPL, E68 LPL, E188, E187, and E189.

3.4.4 Discussion
3.4.4.1 Uncertainties of the rate coefficients obtained

Table 3.9 summarizes the optimized values of the rate parameters compared to the initial
values. The values of the posterior uncertainty parameters fposterior are listed for the tem-
perature range of 500 to 2500 K in this table. The calculated posterior uncertainty limits
represent how precisely the rate coefficients can be determined from the available data
described in Sections 3.4.1 and 3.4.3.3. The optimized rate coefficients can be considered
meaningful only in the temperature and pressure ranges for which data were included in
the optimization. If, for instance, none of the experimental data are sensitive to a certain
reaction at the extremes of the temperature range, the posterior uncertainty limits can
be wider than the prior ones. This behavior can be observed for reaction E116 at lower
temperatures and for E63 in Fig. 3.17. For all other reactions (E60, E68 LPL, E104, E176
HPL and LPL, E177 HPL and LPL, E178–E180, E182, E187–E189, and E190), the un-
certainties of k could be effectively reduced in the whole temperature range of interest as
a result of optimization (Fig. 3.17 and also the corresponding f values in Table 3.9). The
optimized rate parameters of these reactions can be considered the best representation of
the kinetic information that can be extracted from the utilized experimental results.

For reaction E63 (ĊH3 + HȮ2 = CH3Ȯ + ȮH), the f values can be as high as 0.65
at 2500 K, compared to a value of 0.50 determined in the prior uncertainty analysis.
Moreover, the optimized rate coefficient of E63 at ≈900 K is very close to the lower
prior uncertainty limit. However, an addition of this reaction to the list of optimized
reactions leads to a significant decrease of the error function values across all types of
data. E63 is the only reaction that was also optimized in Case Study I (Section 3.3,
named M47 therein). Both rate coefficients are plotted in Figs. 3.1 and 3.17. While the
temperature dependence of the optimized rate coefficients for M47/E63 (i.e. the slope of
the curves) is fairly similar, it can be seen that the rate coefficients obtained in the C1
optimization are up to a half order of magnitude higher compared to the C2-optimized
values. Fortunately, there is an overlap of the associated posterior uncertainty ranges
across the whole temperature range. As it is unclear what is the reason for this difference
between two complex reaction systems (e.g. missing elementary reactions, compensation
by competing reactions, possible inconsistencies between included optimization targets),
it is recommended to use the optimized rate parameters of M47/E63 outside the context
of the respective case study only with caution. Similarly, the large posterior uncertainties
of reaction E116 have to be recognized.

3.4.4.2 Branching ratios

C2H5OH = products (E176/E177)

The unimolecular decomposition of ethanol is defined pressure-dependent in the initial
and optimized C2 mechanisms, using Troe fits in the fall-off region. Only two branches
are included: C–C scission (reaction E176, yielding ĊH3 + ĊH2OH) and the dehydration
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Figure 3.17: Arrhenius plots of the initial and optimized rate coefficients with their
prior and posterior 3σ uncertainty ranges, respectively, for the reactions optimized in this
case study. The unit of k is s−1 for the HPLs of E176 and E177, otherwise cm3 mol−1

s−1. If no solid black line is plotted, the solid blue line corresponds to the chosen mean
rate coefficient. If the chosen mean differs from the values of Saxena and Williams [165],
these are shown using a solid black line.
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channel (reaction E177, yielding C2H4 + H2O), although the work of Sivaramakrishnan
et al. [327] suggests that there is a growing importance of the C–O scission reaction
(yielding Ċ2H5 +ȮH) with increasing temperature and pressure, up to 7% at 100 atm and
2000 K. At low-to-moderate pressures this channel plays a minor role, which is the reason
why it was not added to the initial C2 mechanism. Note that the C–O scission reaction
also appears – more prominently – in the mechanism of Leplat et al. [162] (who adopted
the values of Marinov [163] for the ethanol decomposition reactions). A fourth branch,
the dehydrogenation reaction yielding CH3CHO + H2, has low k values at temperatures
and pressures relevant for combustion, and can safely be neglected.

Figure 3.18 compares the temperature dependence of the branching ratios of ethanol
decomposition computed from the reaction rates in the optimized C2 mechanism with
those based on theoretical calculations [325, 327, 328], with a fit to measurements of
Wu et al. [324] (p = 1–2 atm) as well as with the branching ratios found in the initial
C2 mechanism (with reaction rates as reported by Saxena and Williams [165]) and in
the Leplat-2011 mechanism at a pressure of 1 atm. While there is a good agreement
with the theoretical work of Sivaramakrishnan et al. [327] and Park et al. [325] at low-
to-medium temperature, the C–C scission channel is more dominant in the optimized
C2 mechanism. In comparison to the other two mechanisms shown in Fig. 3.18, the
optimization favors a branching ratio function closer to the ones reported in the literature,
with the exception of the theoretical results of Li et al. [328] (which were not used as
optimization targets). The 99% confidence intervals shown in Fig. 3.18 (also in Figs. 3.19
and 3.20) were calculated with a Monte Carlo sampling technique. One million samples
were generated assuming normal distribution of the reaction rate parameters and using the
posterior covariance matrix. It can be seen that the uncertainty of the branching ratios
increases with temperature. At 2000 K, all reference values are within the calculated
uncertainty range of the optimized branching ratio.

C2H5OH+ ȮH = products (E178–E180)

Figure 3.19 shows the temperature dependence of the branching ratios calculated
from the theoretical rate coefficients reported by Xu and Lin [235], Sivaramakrishnan
et al. [327], and Zheng and Truhlar [333], measured by Carr et al. [331] and Stranic
et al. [332] as well as the branching ratios found in the Leplat-2011 mechanism, the
initial C2 mechanism (as reported by Saxena and Williams [165]) and the optimized C2
mechanism. The obtained branching ratios for Ḣ abstraction from ethanol by ȮH at 900 K
(BRα-site(E179) = 79%, BRβ-site(E178) = 12%, BRȮH-site(E180) = 9%) are similar to some of the
branching ratios found in the review article of Sarathy et al. [16], particularly to those of
Zheng and Truhlar [333] and Xu and Lin [235]. In contrast to the results of theoretical rate
coefficient determinations, the optimal rate coefficients suggest a higher importance of the
ȮH-site abstraction channel as the temperature increases (up to ≈42% at 2500 K, rivaling
the α-site abstraction channel with 47%); whereas at low-to-medium temperatures, a
better agreement among the branching ratios shown in Fig. 3.19 is found. Experimentally
obtained branching ratios are captured well by the optimized C2 mechanism, with the
exception of the 1250 K measurement of Stranic et al. [332] for the β channel. Figure 3.19
indicates that there is no consensus in the recent literature regarding the temperature
dependence of the C2H5OH + ȮH branching ratios; however, the optimized branching
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Figure 3.18: Temperature dependence of the branching ratios for the decomposition
of ethanol at p = 1 atm. Branching ratios recommended by Park et al. [325] (gray), Li
et al. [328] (purple), Sivaramakrishnan et al. [327] (black), and Wu et al. [324] (green;
at 1–2 atm) are compared to the branching ratios computed from the rates found in the
Leplat-2011 mechanism (cyan), the initial C2 mechanism/SaxenaWilliams-2007 mecha-
nism (blue), and the optimized C2 mechanism (red). The shaded areas signify the respec-
tive 99% confidence intervals of the optimized branching ratios. Full lines were used for
the dehydration reaction and dashed lines for C–C scission. Whenever applicable, short
dashed lines for C–O scission and short dotted lines for the dehydrogenation reaction are
used.

ratios of C2H5OH + ȮH show the closest agreement with the theoretical results of Xu
and Lin [235] and Zheng and Truhlar [333]. The large differences in the branching ratios
of the mechanisms shown in Fig. 3.19 (which are among the best in terms of overall
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performance) suggests that subsequent reactions may play a more important role than the
initial Ḣ abstraction via ȮH, particularly in flame propagation. The sensitivity analysis
results support this statement.

Figure 3.19: Temperature dependence of the branching ratios for Ḣ abstraction from
ethanol via ȮH. Branching ratios recommended by Xu and Lin [235] (purple dash-dot-
dotted lines), Sivaramakrishnan et al. [327] (black dashed lines), Zheng and Truhlar [333]
(orange short dash-dotted lines), Carr et al. [331] (green dash-dotted lines and green
squares), and Stranic et al. [332] (magenta circles) are compared to those found in the
Leplat-2011 mechanism (cyan dashed lines), the initial C2 mechanism/SaxenaWilliams-
2007 mechanism (blue short dotted lines), and the optimized C2 mechanism (red straight
lines). The shaded areas signify the respective 99% confidence intervals of the optimized
branching ratios. Abstraction from the α-site is shown in the top left plot, β-site abstrac-
tion in the top right plot, and ȮH-site abstraction in the bottom left plot.

78



C2H5OH+ ĊH3 = products (E187–E189)

The comparison of the optimized branching ratios for the C2H5OH+ĊH3 reaction with
literature values in Fig. 3.20 shows that the branching ratios obtained by Xu et al. [335]
and those derived from the rates in the Leplat-2011 mechanism are mostly within the 99%
confidence intervals of the optimized model. Ḣ abstraction from the α-site is considerably
less dominant in the optimized model, in favor of abstraction from the β-site. The ȮH-
site abstraction branching ratios match well. It is noteworthy that the 99% confidence
intervals of C2H5OH + ĊH3 are much wider compared to the C2H5OH + ȮH reaction and
the decomposition of ethanol. This is likely due to the fact that C2H5OH + ĊH3 is not
as well constrained by direct measurements and theoretical rate determinations as the
other reactions, and is – on average – also much less sensitive at the conditions of indirect
experiments.

3.4.4.3 Overall performance

Compared to the original SaxenaWilliams-2007 and the initial C2 mechanism, it can be
seen that the overall value of the objective function decreased significantly as a result of
the optimization. The ability to reproduce experimental data improved for both fuels
(ethanol and acetaldehyde) and for all three types of data (ignition delay times, laminar
burning velocities, species profiles). Regarding the accuracy for ethanol ignition delay
times, the new optimized C2 mechanism is almost at par with the Aramco1.3-2013, the
best mechanism for this subset of data, and more accurate than its successor, the Mittal-
2014 mechanism. For ethanol concentration profiles, particularly those of species C2H2,
some discrepancies in the description of experimental data remain (see Table G in the
Supporting Information of [2] and Figs. 3.23 and 3.24). However, the optimized C2 mech-
anism still performs much better than most other kinetic schemes tested and is among the
best mechanisms overall in this category. The major strength of the newly optimized C2
mechanism is its improved accuracy in one-dimensional ethanol flame simulations, despite
the fact that several laminar burning velocity measurements had to be corrected after the
optimization was carried out. Overall, the average error function value of the optimized
C2 mechanism is well below the threshold value of E = 9 for ethanol. This means that
on average these data can be described well within a 3σ uncertainty.

The overall average E value for acetaldehyde is largely driven by inaccuracies in the
reproduction of ignition delay times and speciation data. None of the mechanisms under
investigation is able to predict these types of data well. While being among the best
performing mechanisms for acetaldehyde data despite the fact that acetaldehyde ignition
delay times and speciation data data were not included as optimization targets at the
time of preparation of the case study, the optimized C2 mechanism (E = 28.4) is left
behind by the Aramco1.3-2013, Leplat-2011 and NUIG-16.09-2016 (E values are 23.4,
24.4 and 26.1, respectively). Acetaldehyde burning velocities – which were included as
targets, but also had to be corrected according to the suggestions of Alekseev et al. [142]
after the optimization study was carried out – are reproduced slightly more accurately by
the PLOG mechanisms. The optimized C2 mechanism nevertheless performs better than
any other non-PLOG mechanism.
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Figure 3.20: Temperature dependence of the branching ratios for Ḣ abstraction from
ethanol via ĊH3. Branching ratios recommended by Xu et al. [335] (purple dash-dot-
dotted lines) are compared to those found in the Leplat-2011 mechanism (cyan dashed
lines), the initial C2 mechanism/SaxenaWilliams-2007 mechanism (blue short dotted
lines), and the optimized C2 mechanism (red straight lines). The shaded areas signify
the respective 99% confidence intervals of the optimized branching ratios. Abstraction
from the α-site is shown in the top left plot, β-site abstraction in the top right plot, and
ȮH-site abstraction in the bottom left plot.

Due to the higher relative weight of ethanol compared to acetaldehyde data in the
present analysis (200 vs. 24 included datasets), the optimized C2 mechanism has the
lowest overall average error function value (E = 9.4), followed by the Aramco1.3-2013,
NUIG-16.09-2016, Mittal-2014 (all PLOG) and Leplat-2011 mechanisms. The optimized
C2 mechanism is the third smallest among the compared mechanisms with 49 species
and 251 reactions. Its compactness paired with its superior performance make it a very
suitable choice for simulations of the investigated fuel systems.

Similarly as in the C1 optimization study, the behavior of the tested mechanisms
was analyzed as a function of temperature, pressure and equivalence ratio and compared
to each other. Note that this type of analysis was carried out solely for the present
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dissertation, and is not found in the Olm et al. [2] article. Unlike in the C1 case study,
speciation data were analyzed in the present C2 case study by comparing the ability of the
mechanisms to reproduce individual species, not certain conditions. The following figures
Figs. 3.21 to 3.25 show average error function values that were calculated for various
subsets of data. As mentioned in the figure captions, results for some of the mechanisms
are not shown in the plots. This is due to their inferior performance for the displayed
subsets of data, and was necessary to ensure the readability of the results for the other
mechanisms.

The temperature-dependent agreement of the simulation results with ethanol (RCM:
left parts, shock tube: middle parts) and acetaldehyde (right parts) ignition delay time
data is shown in Fig. 3.21. 23 ethanol shock tube data points at T < 900 K were excluded
from the overall comparison (see Table 3.8) due to possible facility effects and are shown
with gray shading. None of the mechanisms (except for the optimized one) is able to
describe these data well. The majority of the investigated mechanisms exhibit a clear
improvement in their performance as the temperature behind the reflected shock wave
increases. Above T = 1500 K, the error function values increase again, both for ethanol
and acetaldehyde shock tube data. The optimized C2 optimization is affected by this to a
much lesser degree. It can be seen in Fig. 3.21 that it shows the overall best performance
for the few RCM data points that were included in the comparison, and it reproduces
those at lower temperatures better than the ones at higher temperatures, in line with
most other mechanisms. Against the general trend (together with the Christensen-2016
mechanism) it is able to reproduce high-pressure RCM data more accurately than those
measured at p ≈ 10 atm. Such a distinctive pressure dependence is not observed for
shock tube data. Almost all mechanisms predict shock tube ignition delay times at very
lean (ϕ = 0.30 and below) and very rich conditions (ϕ = 2 and above) less accurately
than at (near-)stoichiometric conditions. The ϕ = 0.75 subset is an exception from the
observed trend: these are related to shock tube measurements of H2/CH3CHO mixtures
(ratio 10:1) by Yasunaga et al. [252]. The fact that acetaldehyde is just a minor fuel
component in these experiments suggests that the reason for the mediocre performance
of the optimized C2 mechanism should be sought for in the H2/CO base mechanism.

Only weak trends were found in the C1 case study with respect to the temperature
and pressure dependence of the reproduction of laminar burning velocity data. Contrary
to this, it can be seen that for ethanol (and to some extent also for acetaldehyde), the
error function values tend to increase with the cold side temperature, as Fig. 3.22 shows.
Again the optimized C2 mechanism is less affected by this trend. While the majority
of mechanisms seem to predict high-pressure flame measurements more accurately than
atmospheric ones, the opposite trend is observed for the optimized C2 mechanism (and
some others). The explanation is simple: 522 flames in 60 datasets at p = 1 atm were
included, while a considerably smaller number of measurements at elevated pressure was
found in the literature. Therefore, the optimum search understandably favors sets of
rate parameters that represent the bigger subset of data better. Worse agreement was
found for several mechanisms in the C1 case study at rich flame conditions; a similar
trend can be observed in Fig. 3.22 as well, especially for ethanol data. Apart from high
pressure conditions that were already mentioned, the most apparent shortcomings of the
optimized C2 mechanism can be found at rich conditions in ethanol flames and at near-
stoichiometric conditions in acetaldehyde flames. As it was mentioned previously, the
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underlying acetaldehyde measurements were corrected after the optimization was carried
out, using a constant scaling factor. Consequently, near-stoichiometric conditions (where
the measured laminar burning velocities are the highest) are the most affected by the
correction, which serves as an explanation for the observed discrepancies.

In the analysis of error function values for speciation data, a distinction by type
of measurement was made. Furthermore, the reproduction of species was compared.
The species shown on the left of the dotted line are those that were taken into account
during the optimization in [2]. C2H4, CH2O and CH3CHO – found to the right – were
included in the comparison for the purpose of the present C2 case study. At first, the
reproduction of combusiton and pyrolysis experiments with ethanol fuel shall be analyzed.
The largest error function values for JSR outlet concentration data (see Fig. 3.23, top part)
are observed for CH2O, CH3CHO, C2H2 and C2H5OH. The optimized C2 mechanism is
among the best performing mechanisms for these species, with the exception of C2H2.
For flow reactor concentration–time data (see Fig. 3.23, bottom part), less uniformity is
found. Ethanol profiles are generally reproduced well, and in addition to the C2H2, CH2O,
C2H4 and CH3CHO profiles, the profiles of CO2, CH4 and H2 are also not captured well
by several mechanisms. The optimized C2 mechanism performs reasonably well for these
species, and is found to be the most inaccurate in the reproduction of C2H2 and CH3CHO
profiles. Much fewer species were measured at the outlet of flow reactors (see Fig. 3.24, top
part). Generally, the observed agreement is fairly good, with E values never exceeding the
value 30, and usually being around 10–15. Ethanol profiles are reproduced the best, other
species (especially C2H2) are matched less accurately. It can be seen that the optimized
C2 mechanism is not among the best for flow-reactor outlet concentration data, and
particularly has problems with reproducing C2H2 profiles. In addition to JSR and flow
reactor data, speciation experiments with ethanol were also carried out in shock tubes.
The optimized mechanism is able to reproduce these data well, with the exception of C2H4
profiles. Unlike for other types of data, C2H2 profiles are matched well by simulations
with the optimized C2 mechanism – as it is the case for most of the other mechanisms,
too.

Figure 3.25 compares error function values for data with acetaldehyde fuel. Three
types of measurements were collected: JSR outlet concentration data (top part), shock
tube concentration–time data (middle part) and shock tube outlet concentration data
(bottom part). A comparison of the y-axes reveals that the latter type of data is re-
produced much more accurately than the two others. The optimized C2 mechanism –
alongside others like Aramco1.3-2013 and NUIG-16.09-2016 – also performs well on shock
tube concentration–time data. Larger discrepancies are observed for JSR data. The
optimized mechanism fails at reproducing CH4 and CH3CHO profiles, which could be
overcome by including such measurements in a future optimization study.

3.4.4.4 Detailed performance for selected data

Figures 3.26 to 3.28 show the ability of the optimized C2 mechanism to reproduce a large
variety of experimental data. For comparison, the simulation results obtained with three
reference mechanisms from literature (Leplat-2011, Marinov-1999 and Mittal-2014) and
the initial C2 mechanism are included as well.
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Figure 3.21: Performance of the 16 best mechanisms for various ranges of temperature,
pressure and equivalence ratio with respect to three types of ignition delay time data:
RCM data with C2H5OH fuel (left part), shock tube data with C2H5OH fuel (middle
part) and shock tube data with CH3CHO fuel (right part). Gray shaded: shock tube
experiments at T < 900 K without volume–time histories that were excluded in the
general comparison. The respective number of data points is given in brackets. Not shown:
Kathrotia-2011, Konnov-2009, Ogura-2007, ZhongZheng2013, LeCongDagaut-2009, USC-
II-2007.

83



Figure 3.22: Performance of the 16 best mechanisms for various ranges of temperature,
pressure and equivalence ratio with respect to laminar burning velocity data. Fuel is
always CH3OH. The respective number of data points is given in brackets. Only non-
penalized data were used in the analysis, error function values for the penalized data
are shown on the right side of each plot. See Section 2.3.3.3 for further information
on the penalization of data. Not shown: RDmech-2009, Zaragoza-2011, Johnson-2009,
Ogura-2007, UCL-44f-2013, LeCongDagaut-2009.
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Figure 3.23: Performance of the 16 best mechanisms with respect to the reproduction of
individual species in concentration–time measurements carried out in flow reactors (top
part) and shock tubes (bottom part). Fuel is C2H5OH. Not shown: Kathrotia-2011,
Konnov-2009, Marinov-1999, RöhlPeters-2009, CaltechMech-2015, USC-II-2007.

Figure 3.26 shows a comparison for three typical shock tube cases (stoichiometric,
lean and rich conditions; at low or intermediate pressure). While at low temperature,
the experimental results are slightly overpredicted by the optimized C2 mechanism (but
less than by the majority of reference mechanisms), in a temperature range of roughly
1250 to 1550 K there is a good agreement between simulations and measurements. The
temperature dependence of the ignition delay times observed in the experiment is well
described.

The comparison between simulation results and experimental data for ethanol pyrolysis
measured at p = 1.1 atm and T = 1500 K in a shock tube [283] is shown in Fig. 3.27.
There is a large scatter in the measured data, however, the optimized C2 mechanism is
able to match all five species profiles in a satisfactory manner, unlike e.g. the Mittal-2014
mechanism. For the C2Hn and H2O profiles, the mole fractions predicted by the optimized
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Figure 3.24: Performance of the 16 best mechanisms with respect to the reproduction
of individual species in outlet concentration–time measurements carried out in flow reac-
tors (top part) and JSRs (bottom part). Fuel is C2H5OH. Not shown: Kathrotia-2011,
Konnov-2009, Marinov-1999, RöhlPeters-2009, CaltechMech-2015, USC-II-2007.

mechanism are above the majority of the measured points, but still well within the scatter
of the data. Both the initial drop of the C2H5OH profile and the peak in the CH3CHO
profile around t = 0.1 ms are captured better by the optimized C2 mechanism than by
any of the reference mechanisms.

The performance of the mechanisms for atmospheric ethanol/air flames measured by
Sileghem et al. [113] (“featured measurement”) at two different temperatures is shown
in Fig. 3.28. Note that experiments carried out by other authors at the same conditions
are also shown in the plot (“other measurements”, 298 K: [269, 270, 272, 275], 358 K:
[244, 254, 256, 269, 271, 275]). The optimization case study was elaborated before the
publication of the Alekseev et al. [142] article on the uncertainty of heat flux burner
measurements, therefore, the originally published experimental data (large full symbols)
were used as optimization targets. It can be seen that the optimized C2 mechanism is

86



Figure 3.25: Performance of the 16 best mechanisms and the joint mechanism (see
Section 3.5) with respect to the reproduction of individual species for three subsets of
data: JSR (top part), shock tube concentration–time (middle part) and shock tube outlet
concentration (bottom part). Fuel is CH3CHO. Not shown: Kathrotia-2011, Konnov-
2009, Marinov-1999, RöhlPeters-2009, CaltechMech-2015, USC-II-2007.
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in much better agreement with the original measurement data than any of the reference
mechanisms. At T = 298 K, the simulation results are within the reported experimental
errors [113]. While the optimized C2 mechanism tends towards a slight underprediction of
measured results, it showed overall the best agreement (E = 1.4 for the average of the three
datasets, compared to E = 11.4 for Mittal-2014). After the correction (open symbols), the
Mittal-2014 mechanism showed the best agreement among the tested mechanisms (E =
1.5, compared to E = 10.0 for the optimized C2 mechanism). This highlights an important
aspect, which is also the reason for featuring the Sileghem et al. [113] measurements in
Fig. 3.28: a mechanism optimization that aims at approaching “real” rate coefficient
values by trying to match experiments and theoretical data can only be as accurate as the
chosen targets. If optimization targets are subject to systematic errors, the optimum will
be biased. It is one characteristic of the optimization studies of Turányi and co-workers
that a large number of optimization targets from literature is used, including repeated
measurements at the same conditions. In this way, the negative effect of erroneous data
can be minimized, yet not completely eliminated as the example shows.

Figure 3.26: Simulation results vs. experimental data of Noorani et al. [96] for selected
ethanol shock tube ignition delay time measurements: Comparison of the optimized and
initial C2 mechanisms against three published mechanisms [162, 163, 168].
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Figure 3.27: Simulation results vs. experimental data of Kiecherer et al. [283] for selected
ethanol shock tube pyrolysis speciation measurements: Comparison of the optimized and
initial C2 mechanisms against three published mechanisms [162, 163, 168].

3.4.5 Summary
An optimization of a detailed ethanol combustion mechanism starting from an updated
version of the kinetic scheme of Saxena and Williams [165] was described in the present
case study. A large amount of experimental data (ignition delay times, laminar burn-
ing velocities, concentration profile measurements, direct measurements), and theoretical
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Figure 3.28: Simulation results vs. experimental data for ethanol/air flames at T =
298/358 K and p = 1 atm: Comparison of the optimized and initial C2 mechanisms against
three published mechanisms [162, 163, 168]. Large full symbols: featured measurements of
Sileghem et al. [113]; large open symbols: Featured measurements corrected in accordance
with the recommendations of Alekseev et al. [142]; small full symbols: Other published
measurements [244, 254, 256, 269–272, 275].

determinations of rate coefficients was collected from the literature. Based on a local
sensitivity analysis, 54 Arrhenius parameters of 16 elementary reactions were selected for
optimization. The prior uncertainty domain of the selected rate coefficients was deter-
mined and used as a constraint in the subsequent optimization. Posterior uncertainty
ranges for the optimized rate coefficients were obtained in addition to the optimal values
themselves. The key result is that the optimized mechanism not only provides the overall
best description of the available indirect experimental data compared to other published
mechanisms, but also features rate parameters that are consistent with the results of
direct measurements and theoretical rate determinations.

Simulations performed with the optimized C2 mechanism are accurate over a wide
range of experimental conditions. The new rate parameters of the 16 optimized reactions
can be considered the best representation of the overall kinetic information that can be
extracted from the utilized experimental data at the time of the preparation of the study,
and is a new benchmark for ethanol combustion and pyrolysis simulations. It also performs
reasonably well in case acetaldehyde is the fuel species, however, a re-optimization taking
into account acetaldehyde data and some data revisions may be the focus of a subsequent
optimization work.
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3.5 Case study III: A joint mechanism for C1/C2 al-
cohol and aldehyde combustion and pyrolysis

The previous two case studies in Sections 3.3 and 3.4 have demonstrated the applicability
of the method of Turányi and co-workers (see Section 2.3.3) for the optimization of kinetic
mechanisms with dozens of species and hundreds of reactions against a large set of targets.
In an ideal world, all optimization efforts should eventually lead to a single set of “true”
reaction rate coefficients, or at least converge towards that direction. The controversy
around ĊH3 + HȮ2 = CH3Ȯ + ȮH (M47/E63) shows that this is not necessarily always
the case and possible explanations are mentioned in Section 3.4.4. The situation is even
worse when mechanisms found in the literature (such as those described in Sections 3.3.2
and 3.4.2) are compared at the level of elementary reactions, and the rate coefficients are
traced back to their original sources. Tuning reaction mechanisms by arbitrarily choosing
rate coefficients that are the most suitable to achieve a certain goal (e.g. the reproduction
of some measurements) is a widely common practice, and prohibitive in some cases, e.g.
if single rate coefficients are extracted from a reduced mechanism or from a scheme that
was developed to reproduce a small set of targeted conditions.

3.5.1 Development of the joint mechanism
In an attempt to consolidate the work described in Sections 3.3 and 3.4, I decided to merge
the two optimized mechanisms rather than re-optimizing all rate parameters against all
collected targets. This approach has two advantages: First, it enables the critical reader
to estimate how trustworthy the obtained rate coefficients are outside their respective
contexts as the initial mechanism used in both studies was different and there was no
overlap of indirect optimization targets, second, the not unlikely scenario of finding a
third set of rate parameters is circumvented.

The merging was carried out in the following way:

i) The rate parameters of all reactions that involve only C0–C1 species were taken
from the optimized C1 mechanism. This includes reaction HȮ2 + HȮ2 = H2O2 + O2
(R14/R15), which was only optimized in the C1 case study.

ii) The rate parameters of the C2 reactions were taken from the optimized C2 mecha-
nism.

iii) For reaction ĊH3 + HȮ2 = CH3Ȯ + ȮH (M47/E63/J59), which was optimized in
both case studies, the parameters obtained in the C1 case study were chosen.

iv) The LPL rate parameters of reaction ĊH3 + Ḣ + M = CH4 + M (M49 LPL/E68
LPL/J61 LPL), which was optimized only in the C2 case study, were set to the
values found in Li et al. [126], i.e. those in the optimized C1 mechanism.

v) The methylidyne radical did not appear as a species in the optimized C1 mechanism.
ĊH was added, and the reactions describing its interaction with other species were
taken from the optimized C2 mechanism.

vi) The methylene radical in its singlet and triplet state did not appear as species
in the optimized C1 mechanism. C̈H2(S) and C̈H2(T) were added, and the re-
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actions describing their interactions with other species as well as their intercon-
version were taken from the optimized C2 mechanism. This includes reactions
ĊH3 + ȮH = C̈H2(S) + H2O, (E60/J106), which was optimized in the C2 case study.

vii) Four additional C1 reactions were taken from the optimized C2 mechanism: CH3Ȯ+
M = ĊH2OH+M (E142 LPL/J80 LPL), CH3Ȯ+Ḣ = CH2O+H2 (E86/J82), ĊH3 +
ĊH3 = C2H4 + H2 (E66/J108) and ĊH3 + ĊH3 = Ċ2H5 + Ḣ (E67/J109). These were
not included in the initial and optimized C1 mechanism.

viii) For reaction CH3Ȯ + M = ĊH2OH + M (E142 LPL/J80 LPL), unit third body
collision efficiencies were assumed for all collision partners. This is to avoid that
the relative importance of this reaction compared to the CH2O + Ḣ + M channel
(M67 LPL/E91 LPL/J79 LPL) is increased as a result of the presence of certain
collider molecules. The imbalance that would have been introduced by defining non-
unit collision efficiencies was found to be a concern particularly in laminar burning
velocity simulations where high concentrations of effective collision partners such
as H2O and CO2 are prevalent (e.g. because the initial mixture contained these
species).

ix) Third body collisions with species CH4 (factor 2) and C2H6 (factor 3) were accounted
for in reaction ĊH3 + ĊH3 ( + M) = C2H6 ( + M) (E69/J60).

x) As in the C1 optimized mechanism, the thermochemical parameters used in Li et al.
[126] were chosen for species H2O2.

xi) Thermochemical data for all other species are the same as in both optimized mech-
anisms (if defined).

The resulting joint mechanism for C1/C2 alcohol and aldehyde combustion and pyrolysis
has 49 species and 272 reactions. For comparison, the optimized C2 mechanism has 251
reactions with the same number of species. Examples for additional reactions include
the optimized reactions CH2O + M = CO + H2 + M (M37 LPL/J49 LPL) and CH3OH +
HȮ2 = CH3Ȯ + H2O2 (M88/J102).

3.5.2 Performance of the joint mechanism
As the comparison of error function values from Table 3.4 shows, the joint mechanism
mostly retained its performance for methanol and formaldehyde data compared to the
optimized C1 mechanism. A small increase of the E values can be observed for methanol
laminar burning velocities (from 1.6 to 2.0). Generally, the differences between the two
mechanisms are small, which is not very surprising as they only differ by the inclusion
ĊH/C̈H2 chemistry and four additional reactions from the optimized C2 mechanism. The
reactions involving ĊH/C̈H2 radicals play a minor role in the mechanism (which is also
proven by their low sensitivity coefficients), which retrospectively justifies the exclusion
of these species from the initial mechanism in Case Study I (Section 3.3). Note that in
the corresponding article [1], this decision was justified by including the ĊH/C̈H2 sub-
mechanism of Ren et al. [135] which was found to have a detrimental (but overall small)
effect on the agreement between simulation results and experimental data. One of the four
other added reactions, CH3Ȯ + M = ĊH2OH + M (E142 LPL/J80 LPL) is found to be of
some importance for methanol flame simulations. It is on average the 21st most important
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reaction in laminar burning velocity simulations with a |S̄|avg value of 0.08 (slightly below
the threshold value for including in Table A.4), which can serve as an explanation for the
small differences found.

When comparing the joint and the optimized C2 mechanisms in their ability to repro-
duce ethanol and acetaldehyde data (see Table 3.8), small increases in the error function
values for ignition delay time and laminar burning velocity data are found. It can be seen
that the error function value only increased marginally for ethanol species concentration
data, while a major improvement can be observed for acetaldehyde species concentration
profiles. As Table A.12 in Appendix A shows, some reactions optimized in Case Study I
(Section 3.3) are also sensitive for acetaldehyde concentration data: ĊH3+HȮ2 = CH3Ȯ+
ȮH (M47/E63/J59) is the 8th most sensitive reaction, and ĊH3 + HȮ2 = CH4 + O2
(M53/J65) is the 14th most sensitive one. The modification of the rate parameters of
these reactions is likely to be one of the main reasons for the improved performance.

To obtain a better understanding of this observation, the joint mechanism was included
in Fig. 3.25. It can be seen that – compared to the optimized C2 mechanism – the E
values are markedly lower for the JSR data subset (especially CH4, H2 and CH3CHO
profiles). The reproduction of other types of acetaldehyde measurement data are also
affected by the modifications made during the development of the joint mechanism, but
less heavily. Figure 3.29 shows an example of the performance of the joint mechanism. In
the experiments of Wang et al. [136], highly diluted acetaldehyde was pyrolyzed at three
different temperatures. It can be seen that the decomposition of acetaldehyde is generally
slower in the joint mechanism compared to the optimized C2 mechanism, leading to a
much better agreement with experimental data at T5 = 1278 K and T5 = 1472 K, and a
slightly worse agreement at T5 = 1606 K. As the CH3CHO sub-mechanism is identical in
both mechanisms, the reason must be sought for in the reduced availability of reaction
partners – most importantly radicals – in simulations carried out with the joint mechanism
due to changes in the C1 chemistry. Fewer collisions with radicals lead to a decrease in
the reactivity of the system.

A slight deterioration of the performance of the joint mechanism compared to the
optimized C2 mechanism can be found in Table 3.8 for ignition delay times. Again a
closer look at the sensitivity coefficients (Tables A.7 and A.8) reveals two reactions that
are likely contribute to the observed increase of E values: ĊH3 + HȮ2 = CH3Ȯ + ȮH
(M47/E63/J59) and ĊH3 + HȮ2 = CH4 + O2 (M53/E56 (rev.)/J65). The latter reaction
was not optimized in Case Study II (Section 3.4), therefore, the rate coefficients calculated
from the backward reaction CH4 + O2 = ĊH3 + HȮ2 (E56) are identical to those found in
the initial C2 mechanism (see subplot “M53/E56 (rev.)” in Fig. 3.1). The rate coefficients
found in the optimized C1 mechanism (equal to those in the joint mechanism) and the
initial/optimized C2 mechanism differ by up to one order of magnitude at ≈700 K, and
by about a half order of magnitude at 2500 K. The difference in the optimized rate
coefficients of reaction ĊH3 + HȮ2 = CH4 + O2 (M47/E63/J59) which were obtained in
Case Studies I and II amount up to a half order of magnitude and were already discussed
in Section 3.4.4. It can be seen that J59 is the 2nd most sensitive reaction in ethanol and
acetaldehyde ignition simulations, while the same reaction in the optimized C2 mechanism
(named E56 therein) is much less sensitive. J65 is also much more sensitive in the joint
mechanism than E56 in the optimized C2 mechanism for these two subsets of data (see
Tables A.7 and A.8).
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Figure 3.29: Simulation results vs. experimental data of Wang et al. [136] for selected
acetaldehyde shock tube pyrolysis speciation measurements: Comparison of the optimized
C2 mechanism and the joint mechanism against two published mechanisms [162, 168].

3.5.3 Summary
A joint mechanism was developed by merging the optimized C1 and C2 mechanisms
discussed in Case Studies I and II (Sections 3.3 and 3.4). The mechanism was tested on
all experimental data that were collected for the purpose of these case studies. While it
retained its performance for the included formaldehyde data (∆E = ±0.0), it performs
slightly worse for methanol (∆E = +0.2) and ethanol (∆E = +0.5). Largely driven by
an improved accuracy in the reproduction of speciation profiles, the joint mechanism is
much more suitable to describe acetaldehyde combustion and pyrolysis (∆E = −5.6) and
has – unlike the optimized C2 mechanism – a lower error function value for acetaldehyde
data than any of the reference mechanisms found in the literature. The joint mechanism
also performs better than the reference mechanisms from the literature for formaldehyde,
methanol and ethanol data.

These results show that the optimized rate coefficients obtained in Case Studies I and
II (Sections 3.3 and 3.4) are reliable outside their respective context, and that the joint
mechanism represents a suitable choice for C1/C2 alcohol and aldehyde combustion and
pyrolysis simulations. It is available in the Electronic supplement of this work.
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Chapter 4

Summary and conclusions

Optimization techniques are frequently used to improve detailed combustion models.
Three optimization case studies were presented in this dissertation: The optimization
of a detailed methanol and formaldehyde combustion mechanism [1] is featured in Case
Study I (Section 3.3) and an optimized ethanol and acetaldehyde combustion mecha-
nism [2] is discussed in Case Study II (Section 3.4). In both case studies, the optimized
method of Turányi and co-workers [77] is applied. Case Study III (Section 3.5) deals with
the development of a joint C1/C2 alcohol and aldehyde combustion mechanism.

For all three case studies, large numbers of experimental combustion data were col-
lected from the literature. These data include measurements of ignition delay times,
laminar burning velocities, speciation data and reaction rate coefficients, as well as the-
oretical determinations of rate coefficients. The latter two groups of collected data were
used to outline the respective temperature-dependent prior uncertainty band of the rate
coefficients that were selected for optimization. The optimization procedure resulted
in optimized values for all rate parameters (not just A-factors as in other optimization
methods) and more importantly, descriptions of the (posterior) uncertainty of the rate
coefficients. The optimized mechanisms were compared to a large number of published
mechanisms.

The key result of these case studies are mechanisms that provide the best overall
description of the available experimental data for the respective combustion systems,
with optimized rate parameters that are consistent with rate parameter values found in
the literature. The optimized models and the corresponding covariance matrices of the
optimized parameters can be considered the best representation of the kinetic information
that can be extracted from the utilized data. Case Study III provided further evidence
for the reliability of the optimized rate coefficients obtained in Case Studies I and II.
The optimized mechanisms as well as the joint mechanism can be considered as very
suitable starting points for subsequent mechanism reductions and modeling applications
that require an accurate description of chemical processes, such as CFD simulations.

The first two case studies represent the largest successful applications of this optimiza-
tion method to-date in terms of complexity of the optimized mechanisms. The novelty of
the present dissertation lies in the extension of the optimization method of Turányi et al.
[77] by the propagation of rate coefficient uncertainties onto simulation results, which
adds further insight to the behavior of an optimized model. Furthermore, these studies
are the first ones in a series of optimization studies of Turányi and co-workers in which
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theoretical rate determinations were used as optimization targets (not just to define the
prior uncertainty domains of the rate coefficients) and in which reported experimental
errors were taken into account. To carry out systematic and detailed mechanism compar-
isons, it was necessary to develop a computer tool called outgen, which is described in
Section 3.1. The mechanism comparison methodology elaborated by the author was used
first for the analysis of hydrogen [3] and syngas [4] combustion mechanisms, and was also
applied during the investigation of the C1/C2 alcohol and aldehyde combustion systems
[1, 2]. The author furthermore made significant contributions to the further development
of the ReSpecTh Kinetics Data (RKD) format, and the release of v2.0.

All optimized mechanisms and data collections, the developed computer program as
well as the RKD format definition were made available to the public [79] and are believed
to facilitate future research work in mechanism optimization and related fields.
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Chapter 5

Thesis points

The new scientific results presented in this dissertation can be summarized as follows:

1. I developed a detailed reaction mechanism for the gas phase combustion of methanol
and formaldehyde. Starting from a modified version of the mechanism of Li et al.
[126] and adopting the H2/CO base chemistry from the joint optimized hydrogen
and syngas combustion mechanism of Varga et al. [6], I performed an optimiza-
tion of 57 Arrhenius parameters of 17 important elementary reactions, using several
thousand indirect measurement data points, direct measurements and theoretical
rate coefficient determinations as optimization targets. The final optimized mecha-
nism is capable of describing ignition, flame propagation and species concentration
profiles with high accuracy and was compared to 19 reaction mechanisms published
in recent years. It proved to be the most accurate on average in reproducing the
available indirect experimental data (in total 24,900 data points in 265 datasets).
In addition to new best-fit values for all rate parameters, I provided a quantitative
description of the temperature-dependent ranges of uncertainty for the optimized
rate coefficients. These posterior uncertainty limits are narrower than the respective
prior limits in the range of temperature for which experimental data are available.
The uncertainties of several important radical reactions and branching ratios were
discussed in detail. The optimization study was published [1], and the newly op-
timized methanol and formaldehyde combustion mechanism as well as the data
collection are available online [79].

2. I developed a detailed reaction mechanism for the gas phase combustion of ethanol
and acetaldehyde by means of optimization. The new mechanism describes a va-
riety of combustion processes such as ignition, flame propagation, and measured
species concentration profiles with high accuracy. Prior to the optimization, I de-
fined an initial mechanism based on the ethanol combustion mechanism of Saxena
and Williams [165] and using the H2/CO base chemistry from the joint optimized
hydrogen and syngas combustion mechanism of Varga et al. [6]. I selected 54 Ar-
rhenius parameters of 16 important elementary C1/C2 reactions for optimization
against several thousand direct and indirect measurement data points as well as the
results of theoretical determinations of reaction rate coefficients. I compared the op-
timized mechanism to 21 reaction mechanisms that are used to model ethanol and
acetaldehyde combustion with respect to the accuracy in reproducing the available
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indirect experimental data (in total 16,004 data points in 224 datasets), including
measurements of ignition delay times in shock tubes and rapid compression ma-
chines, laminar burning velocity measurements, and species profiles measured using
flow reactors, jet-stirred reactors and shock tubes. I provided new best-fit values for
54 Arrhenius parameters and the covariance matrix of the optimized parameters,
which provides a description of the temperature-dependent ranges of uncertainty for
each of the optimized rate coefficients. The optimization study was published [2],
and the newly optimized ethanol and acetaldehyde combustion mechanism as well
as the data collection are available online [79].

3. In an attempt to consolidate the findings during the development of optimized mech-
anisms for the combustion of C1/C2 alcohols and aldehydes, I created a joint mecha-
nism merging the two optimized mechanisms and validating the performance of this
mechanism against all available data. A study of ability of this joint mechanism to
reproduce experimental data, combined with the results of local sensitivity analysis
provided insight to its mechanistic behavior. By using optimized rate coefficient ex-
pressions outside their original context, I provided evidence of their reliability and
trustworthiness.

4. I elaborated a methodology for the comparison of detailed combustion mechanisms
and the comparative investigation of their performance in various regions of tem-
perature, pressure and initial concentrations. For each reaction mechanism, I in-
vestigated and compared the reproducibility of measurement data (ignition delay
times, laminar burning velocities, species concentrations) obtained with different
experimental techniques. This methodology was used first for the analysis of hy-
drogen [3] and syngas [4] combustion mechanisms, and was also applied during the
investigation of the C1/C2 alcohol and aldehyde combustion systems [1, 2].

5. I programmed outgen, a computer code for the comparison of reaction mechanisms.
The necessity to develop this code arose from the large amount of experimental data
that was collected and process. With outgen, I was able to demonstrate the behavior
of combustion mechanisms not just in general, but for a manifold of applications and
conditions in detail. The code can post-process the results of sensitivity analyses
and can correlate mechanisms based on similarities in their behavior. I believe
that outgen is an effective tool for mechanism developers to identify strengths and
weaknesses of the kinetic schemes they develop. The Fortran-based code is available
for several operating systems and can be downloaded from the ReSpecTh webpage
[79].

6. I suggested several additions and improvements to the optimization method of
Turányi et al. [77]. I calculated the temperature-dependent uncertainty of branching
ratios from the posterior covariance matrix of the fitted rate parameters. I carried
out the propagation of rate coefficient uncertainties onto simulation results with
the aim of providing further insights to the behavior of an optimized model. I sug-
gested the use theoretical rate determinations as optimization targets and not just
for the purpose of defining the prior uncertainty domains of the rate coefficients. If
available, I took into account reported experimental errors during the assignment
of estimated standard deviations. These standard deviations are a necessary input

98



for optimizations. The two case studies (see also thesis points 1 and 2) are the first
applications of these methodological improvements.

7. I contributed to the further development of the ReSpecTh Kinetics Data format
(RKD format) [87, 88]. I implemented the majority of the changes that have led to
the release of v2.0 of the format specification, which is available on the ReSpecTh
webpage [79]. This new v2.0 supports the specification of unique file DOIs, features
an improved representation of bibliographical sources, the possibility to store data
uncertainty information, plotting and modeling information as well as an unambigu-
ous definition of chemical species via CAS, InChI and/or SMILES identifiers.
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Appendix A: Sensitivity analysis
results

The most sensitive A-factors in the initial mechanisms and the joint mechanism are shown
for different subsets of data based on the average of the absolute sensitivity coefficient
values (|S̄|). The range of |S̄| is 0 to 1. Reaction numbers are different for each the
optimized methanol mechanism, the optimized ethanol mechanism, and the joint mech-
anism. The left parts of Tables A.1 to A.6 appeared in the Supplementary Material of
Olm et al. [1]. The left parts of Tables A.9 and A.10 appeared in the Supplementary
Material of Olm et al. [1]. The values found on the left side of Table A.7 differ slightly
from the published ones due to the exclusion of one dataset (x10003038.xml), those found
in Table A.11 differ due to differences in the selection of considered species. Tables A.8
and A.12 refer to newly added acetaldehyde data.

Legend:

Green Reaction was optimized for CH3OH/CH2O in [1] see Section 3.3 (Case Study II).
Blue Reaction was optimized for C2H5OH in [2], see Section 3.4 (Case Study II).

Turquoise Reaction was optimized for CH3OH/CH2O in [1] and for C2H5OH in [2].
H2/CO reactions optimized by Varga et al. [6].Gray Parameters of this reactions were not optimized again.

White Reactions not optimized.
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Table A.1: CH3OH shock tube ignition delay times (421 data points, |S̄| > 0.10)

Initial MeOH mechanism

Reaction string |S̄|

M87 CH3OH + HȮ2 = ĊH2OH + H2O2 0.80
R16 LPL ȮH + ȮH + M = H2O2 + M 0.54
R1 Ḣ + O2 = Ö + ȮH 0.41
M77 LPL ȮH + ĊH3 + M = CH3OH + M 0.26
M83 CH3OH + ȮH = CH3Ȯ + H2O 0.24
M80 CH3OH + Ḣ = ĊH2OH + H2 0.20
R15 HȮ2 + HȮ2 = H2O2 + O2 0.18
R13 HȮ2 + ȮH = H2O + O2 0.17
R10 Ḣ + HȮ2 = H2 + O2 0.14
R26 LPL HĊO + M = Ḣ + CO + M 0.12
M77 HPL ȮH + ĊH3 = CH3OH 0.11
M85 CH3OH + O2 = ĊH2OH + HȮ2 0.10
M84 CH3OH + ȮH = ĊH2OH + H2O 0.10

Joint mechanism

Reaction string |S̄|

J101 CH3OH + HȮ2 = ĊH2OH + H2O2 0.80
R16 LPL ȮH + ȮH + M = H2O2 + M 0.44
R1 Ḣ + O2 = Ö + ȮH 0.41
J91 LPL ȮH + ĊH3 + M = CH3OH + M 0.26
J97 CH3OH + ȮH = CH3Ȯ + H2O 0.22
R13 HȮ2 + ȮH = H2O + O2 0.22
J94 CH3OH + Ḣ = ĊH2OH + H2 0.18
R10 Ḣ + HȮ2 = H2 + O2 0.17
R26 LPL HĊO + M = Ḣ + CO + M 0.15
J91 HPL ȮH + ĊH3 = CH3OH 0.14
J99 CH3OH + O2 = ĊH2OH + HȮ2 0.12
R11 HȮ2 + H = ȮH + ȮH 0.11
J54 CH2O + HȮ2 = HĊO + H2O2 0.11
R27 HĊO + O2 = CO + HȮ2 0.10

Table A.2: CH3OH rapid compression machine ignition delay times (54 data points, |S̄|
> 0.10)

Initial MeOH mechanism

Reaction string |S̄|

M87 CH3OH + HȮ2 = ĊH2OH + H2O2 1.00
R16 LPL ȮH + ȮH + M = H2O2 + M 0.55
R16 HPL ȮH + ȮH = H2O2 0.31
R14 HȮ2 + HȮ2 = H2O2 + O2 0.28
R15 HȮ2 + HȮ2 = H2O2 + O2 0.19
M42 CH2O + HȮ2 = HĊO + H2O2 0.13
M85 CH3OH + O2 = ĊH2OH + HȮ2 0.10

Joint mechanism

Reaction string |S̄|

J101 CH3OH + HȮ2 = ĊH2OH + H2O2 0.99
R16 LPL ȮH + ȮH + M = H2O2 + M 0.59
R14 HȮ2 + HȮ2 = H2O2 + O2 0.44
R16 HPL ȮH + ȮH = H2O2 0.35
J99 CH3OH + O2 = ĊH2OH + HȮ2 0.14
J54 CH2O + HȮ2 = HĊO + H2O2 0.13
R15 HȮ2 + HȮ2 = H2O2 + O2 0.10
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Table A.3: CH2O shock tube ignition delay times (99 data points, |S̄| > 0.10)

Initial MeOH mechanism

Reaction string |S̄|

R26 LPL HĊO + M = Ḣ + CO + M 0.86
M42 CH2O + HȮ2 = HĊO + H2O2 0.53
M41 CH2O + O2 = HĊO + HȮ2 0.43
M38 CH2O + Ḣ = HĊO + H2 0.42
R1 Ḣ + O2 = Ö + ȮH 0.41
R27 HĊO + O2 = CO + HȮ2 0.40
M36 LPL CH2O + M = HĊO + Ḣ + M 0.32
R16 LPL ȮH + ȮH + M = H2O2 + M 0.23
R28 HĊO + ȮH = CO + H2 0.18
M40 CH2O + ȮH = HĊO + H2O 0.16
M64 ĊH2OH + HĊO = CH2O + CH2O 0.15
M37 LPL CH2O + M = CO + H2 + M 0.13
M39 CH2O + Ö = HĊO + ȮH 0.12
M43 CH2O + ĊH3 = HĊO CH4 0.10
R10 Ḣ + HȮ2 = H2 + O2 0.10
M55 LPL ĊH2OH + M = CH2O + Ḣ + M 0.10

Joint mechanism

Reaction string |S̄|

R26 LPL HĊO + M = Ḣ + CO + M 0.89
J54 CH2O + HȮ2 = HĊO + H2O2 0.53
J53 CH2O + O2 = HĊO + HȮ2 0.45
R1 Ḣ + O2 = Ö + ȮH 0.45
R27 HĊO + O2 = CO + HȮ2 0.44
J50 CH2O + Ḣ = HĊO + H2 0.42
J48 LPL CH2O + M = HĊO + Ḣ + M 0.32
R28 HĊO + ȮH = CO + H2 0.19
R16 LPL ȮH + ȮH + M = H2O2 + M 0.17
J52 CH2O + ȮH = HĊO + H2O 0.15
R10 Ḣ + HȮ2 = H2 + O2 0.13
J76 ĊH2OH + HĊO = CH2O + CH2O 0.12
J51 CH2O + Ö = HĊO + ȮH 0.12
R11 HȮ2 + H = ȮH + ȮH 0.10
J49 LPL CH2O + M = CO + H2 + M 0.10

Table A.4: CH3OH laminar burning velocities (632 data points, |S̄| > 0.10)

Initial MeOH mechanism

Reaction string |S̄|

R1 Ḣ + O2 = Ö + ȮH 0.99
R26 LPL HĊO + M = Ḣ + CO + M 0.60
R24 CO + ȮH = CO2 + Ḣ 0.52
R11 HȮ2 + H = ȮH + ȮH 0.38
M83 CH3OH + ȮH = CH3Ȯ + H2O 0.35
R13 HȮ2 + ȮH = H2O + O2 0.32
R10 Ḣ + HȮ2 = H2 + O2 0.30
R27 HĊO + O2 = CO + HȮ2 0.29
R8 LPL Ḣ + ȮH + M = H2O + M 0.23
R9 LPL Ḣ + O2 + M = HȮ2 + M 0.23
R31 HĊO + ȮH = CO + H2O 0.18
M67 LPL CH3Ȯ + M = CH2O + ȮH + M 0.18
R16 LPL ȮH + ȮH + M = H2O2 + M 0.17
M80 CH3OH + Ḣ = ĊH2OH + H2 0.16
R3 ȮH + H2 = Ḣ + H2O 0.15
R28 HĊO + ȮH = CO + H2 0.14

Joint mechanism

Reaction string |S̄|

R1 Ḣ + O2 = Ö + ȮH 0.99
R26 LPL HĊO + M = Ḣ + CO + M 0.62
R24 CO + ȮH = CO2 + Ḣ 0.52
R11 HȮ2 + H = ȮH + ȮH 0.45
J97 CH3OH + ȮH = CH3Ȯ + H2O 0.38
R13 HȮ2 + ȮH = H2O + O2 0.33
R10 Ḣ + HȮ2 = H2 + O2 0.32
R27 HĊO + O2 = CO + HȮ2 0.32
R9 LPL Ḣ + O2 + M = HȮ2 + M 0.23
R8 LPL Ḣ + ȮH + M = H2O + M 0.23
J94 CH3OH + Ḣ = ĊH2OH + H2 0.22
J79 LPL CH3Ȯ + M = CH2O + ȮH + M 0.22
R31 HĊO + ȮH = CO + H2O 0.18
R28 HĊO + ȮH = CO + H2 0.14
R3 ȮH + H2 = Ḣ + H2O 0.13
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Table A.5: CH3OH species concentration profiles (15,363 data points, |S̄| > 0.15)

Initial MeOH mechanism

Reaction string |S̄|

M87 CH3OH + HȮ2 = ĊH2OH + H2O2 0.36
M83 CH3OH + ȮH = CH3Ȯ + H2O 0.29
M85 CH3OH + O2 = ĊH2OH + HȮ2 0.25
M84 CH3OH + ȮH = ĊH2OH + H2O 0.25
R16 LPL ȮH + ȮH + M = H2O2 + M 0.23
R13 HȮ2 + ȮH = H2O + O2 0.23
M40 CH2O + ȮH = HĊO + H2O 0.21
R15 HȮ2 + HȮ2 = H2O2 + O2 0.20
R1 Ḣ + O2 = Ö + ȮH 0.20
R24 CO + ȮH = CO2 + Ḣ 0.20
M67 LPL CH3Ȯ + M = CH2O + ȮH + M 0.20
M80 CH3OH + Ḣ = ĊH2OH + H2 0.19
M42 CH2O + HȮ2 = HĊO + H2O2 0.19
M53 ĊH3 + HȮ2 = CH4 + O2 0.18
R9 LPL Ḣ + O2 + M = HȮ2 + M 0.18
M55 LPL ĊH2OH + M = CH2O + Ḣ + M 0.17
M38 CH2O + Ḣ = HĊO + H2 0.16
R26 LPL HĊO + M = Ḣ + CO + M 0.16
M47 ĊH3 + HȮ2 = CH3Ȯ + ȮH 0.15
R14 HȮ2 + HȮ2 = H2O2 + O2 0.15
M77 HPL ȮH + ĊH3 = CH3OH 0.15

Joint mechanism

Reaction string |S̄|

J97 CH3OH + ȮH = CH3Ȯ + H2O 0.31
J101 CH3OH + HȮ2 = ĊH2OH + H2O2 0.30
J98 CH3OH + ȮH = ĊH2OH + H2O 0.29
R13 HȮ2 + ȮH = H2O + O2 0.26
J94 CH3OH + Ḣ = ĊH2OH + H2 0.26
J91 LPL ȮH + ĊH3 + M = CH3OH + M 0.25
R14 HȮ2 + HȮ2 = H2O2 + O2 0.23
J99 CH3OH + O2 = ĊH2OH + HȮ2 0.23
R1 Ḣ + O2 = Ö + ȮH 0.23
J79 LPL CH3Ȯ + M = CH2O + ȮH + M 0.21
J54 CH2O + HȮ2 = HĊO + H2O2 0.21
R16 LPL ȮH + ȮH + M = H2O2 + M 0.20
R24 CO + ȮH = CO2 + Ḣ 0.20
R16 HPL ȮH + ȮH = H2O2 0.20
J72 ĊH2OH + O2 = CH2O + HȮ2 0.19
J52 CH2O + ȮH = HĊO + H2O 0.19
J67 LPL ĊH2OH + M = CH2O + Ḣ + M 0.19
J103 CH3OH + ĊH3 = ĊH2OH + CH4 0.19
J50 CH2O + Ḣ = HĊO + H2 0.18
R9 LPL Ḣ + O2 + M = HȮ2 + M 0.17
R10 Ḣ + HȮ2 = H2 + O2 0.17
J59 ĊH3 + HȮ2 = CH3Ȯ + ȮH 0.17
J91 LPL ȮH + ĊH3 + M = CH3OH + M 0.16
J65 ĊH3 + HȮ2 = CH4 + O2 0.16
J80 LPL CH3Ȯ + M = ĊH2OH + M 0.15

Table A.6: CH2O species concentration profiles (8,331 data points, |S̄| > 0.10)

Initial MeOH mechanism

Reaction string |S̄|

R26 LPL HĊO + M = Ḣ + CO + M 0.46
M38 CH2O + Ḣ = HĊO + H2 0.38
M41 CH2O + O2 = HĊO + HȮ2 0.34
R27 HĊO + O2 = CO + HȮ2 0.30
M42 CH2O + HȮ2 = HĊO + H2O2 0.30
M37 LPL CH2O + M = CO + H2 + M 0.27
M64 ĊH2OH + HĊO = CH2O + CH2O 0.27
M55 LPL ĊH2OH + M = CH2O + Ḣ + M 0.19
M86 CH3OH + HĊO = ĊH2OH + CH2O 0.19
R16 LPL ȮH + ȮH + M = H2O2 + M 0.17
R1 Ḣ + O2 = Ö + ȮH 0.17
M36 LPL CH2O + M = HĊO + Ḣ + M 0.17
M40 CH2O + ȮH = HĊO + H2O 0.13

Joint mechanism

Reaction string |S̄|

R26 LPL HĊO + M = Ḣ + CO + M 0.42
J50 CH2O + Ḣ = HĊO + H2 0.33
J53 CH2O + O2 = HĊO + HȮ2 0.32
R27 HĊO + O2 = CO + HȮ2 0.27
J76 ĊH2OH + HĊO = CH2O + CH2O 0.22
J54 CH2O + HȮ2 = HĊO + H2O2 0.22
J49 LPL CH2O + M = CO + H2 + M 0.20
R16 LPL ȮH + ȮH + M = H2O2 + M 0.19
J100 CH3OH + HĊO = ĊH2OH + CH2O 0.18
J67 LPL ĊH2OH + M = CH2O + Ḣ + M 0.18
J48 LPL CH2O + M = HĊO + Ḣ + M 0.15
R1 Ḣ + O2 = Ö + ȮH 0.14
R9 LPL Ḣ + O2 + M = HȮ2 + M 0.14
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R24 CO + ȮH = CO2 + Ḣ 0.13
M39 CH2O + Ö = HĊO + ȮH 0.12
R16 HPL ȮH + ȮH = H2O2 0.12
R32 HĊO + HȮ2 −−→ CO2 + Ḣ + ȮH 0.12
R11 HȮ2 + H = ȮH + ȮH 0.12
R13 HȮ2 + ȮH = H2O + O2 0.12
R15 HȮ2 + HȮ2 = H2O2 + O2 0.11
R26 HPL HĊO = Ḣ + CO 0.11
M60 ĊH2OH + O2 = CH2O + HȮ2 0.11
R28 HĊO + ȮH = CO + H2 0.11
R14 HȮ2 + HȮ2 = H2O2 + O2 0.10

R24 CO + ȮH = CO2 + Ḣ 0.14
J51 CH2O + Ö = HĊO + ȮH 0.13
R14 HȮ2 + HȮ2 = H2O2 + O2 0.12
J52 CH2O + ȮH = HĊO + H2O 0.12
R16 HPL ȮH + ȮH = H2O2 0.11
R10 Ḣ + HȮ2 = H2 + O2 0.11
R13 HȮ2 + ȮH = H2O + O2 0.10

Table A.7: C2H5OH ignition delay times (453 data points, |S̄| > 0.10)

Initial EtOH mechanism

Reaction string |S̄|

R1 Ḣ + O2 = Ö + ȮH 0.79
R16 LPL ȮH + ȮH + M = H2O2 + M 0.43
E190 C2H5OH + HȮ2 = CH3ĊHOH + H2O2 0.33
E104 C2H4 + ȮH = Ċ2H3 + H2O 0.29
R13 HȮ2 + ȮH = H2O + O2 0.28
E116 Ċ2H3 + O2 = ĊH2CHO + Ö 0.24
E195 LPL CH3CH2Ȯ + M = CH3CHO + Ḣ + M 0.21
E196 LPL CH3CH2Ȯ + M = ĊH3 + CH2O + M 0.20
E63 ĊH3 + HȮ2 = CH3Ȯ + ȮH 0.20
R15 HȮ2 + HȮ2 = H2O2 + O2 0.16
E179 C2H5OH + ȮH = CH3ĊHOH + H2O 0.14
E176 HPL C2H5OH = ĊH3 + ĊH2OH 0.13
R10 Ḣ + HȮ2 = H2 + O2 0.13
E180 C2H5OH + ȮH = CH3CH2Ȯ + H2O 0.13
R26 LPL HĊO + M = Ḣ + CO + M 0.13
E64 ĊH3 + O2 = CH2O + ȮH 0.13
E182 C2H5OH + Ḣ = CH3ĊHOH + H2 0.12
E176 LPL C2H5OH + M = ĊH3 + ĊH2OH + M 0.12
E191 C2H5OH + HȮ2 = CH3ĊHOH + H2O2 0.11

Joint mechanism

Reaction string |S̄|

R1 Ḣ + O2 = Ö + ȮH 0.72
J59 ĊH3 + HȮ2 = CH3Ȯ + ȮH 0.55
J211 C2H5OH + HȮ2 = CH3ĊHOH + H2O2 0.53
R13 HȮ2 + ȮH = H2O + O2 0.40
R16 LPL ȮH + ȮH + M = H2O2 + M 0.39
J197 LPL C2H5OH + M = ĊH3 + ĊH2OH + M 0.30
J197 HPL C2H5OH = ĊH3 + ĊH2OH 0.22
J139 C2H4 + ȮH = Ċ2H3 + H2O 0.21
J65 ĊH3 + HȮ2 = CH4 + O2 0.20
R10 Ḣ + HȮ2 = H2 + O2 0.20
R26 LPL HĊO + M = Ḣ + CO + M 0.19
J151 Ċ2H3 + O2 = ĊH2CHO + Ö 0.14
J201 C2H5OH + ȮH = CH3CH2Ȯ + H2O 0.10
R27 HĊO + O2 = CO + HȮ2 0.10
J200 C2H5OH + ȮH = CH3ĊHOH + H2O 0.10
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Table A.8: CH3CHO shock tube ignition delay times (119 data points, |S̄| > 0.10)

Initial EtOH mechanism

Reaction string |S̄|

R1 Ḣ + O2 = Ö + ȮH 0.99
E162 LPL CH3CHO + M = ĊH3 + HĊO + M 0.25
E162 HPL CH3CHO = ĊH3 + HĊO 0.25
E64 ĊH3 + O2 = CH2O + ȮH 0.22
E63 ĊH3 + HȮ2 = CH3Ȯ + ȮH 0.19
E123 CH2CO + Ḣ = ĊH3 + CO 0.17
E165 CH3CHO + ȮH = CH3ĊO + H2O 0.16
E169 CH3CHO + Ḣ = CH3ĊO + H2 0.16
E171 CH3CHO + ĊH3 = CH3ĊO + CH4 0.15
E60 ĊH3 + OH = C̈H2(S) + H2O 0.12
R26 LPL HĊO + M = 0tH + CO + M 0.12
E170 CH3CHO + Ḣ = ĊH2CHO + H2 0.12
R13 HȮ2 + ȮH = H2O + O2 0.12
E68 LPL ĊH3 + Ḣ + M = CH4 + M 0.11
E61 ĊH3 + Ö = CO + HȮ2 0.11
R27 HĊO + O2 = CO + HȮ2 0.11

Joint mechanism

Reaction string |S̄|

R1 Ḣ + O2 = Ö + ȮH 0.99
J59 ĊH3 + HȮ2 = CH3Ȯ + ȮH 0.35
J183 LPL CH3CHO + M = ĊH3 + HĊO + M 0.24
J183 HPL CH3CHO = ĊH3 + HĊO 0.24
J158 CH2CO + Ḣ = ĊH3 + CO 0.21
J190 CH3CHO + Ḣ = CH3ĊO + H2 0.17
J186 CH3CHO + ȮH = CH3ĊO + H2O 0.16
J65 ĊH3 + HȮ2 = CH4 + O2 0.12
J172 CH2CO + ȮH = ĊH2OH + CO 0.12
J191 CH3CHO + Ḣ = ĊH2CHO + H2 0.11
R26 LPL HĊO + M = Ḣ + CO + M 0.10
J192 CH3CHO + ĊH3 = CH3ĊO + CH4 0.10
R27 HĊO + O2 = CO + HȮ2 0.10

Table A.9: C2H5OH laminar burning velocities (957 data points, |S̄| > 0.10)

Initial EtOH mechanism

Reaction string |S̄|

R1 Ḣ + O2 = Ö + ȮH 1.00
R24 CO + ȮH = CO2 + Ḣ 0.36
R26 LPL HĊO + M = Ḣ + CO + M 0.21
R9 LPL Ḣ + O2 + M = HȮ2 + M 0.19
E68 LPL ĊH3 + Ḣ + M = CH4 + M 0.16
R8 LPL Ḣ + ȮH + M = H2O + M 0.15
R11 HȮ2 + H = ȮH + ȮH 0.15
E116 Ċ2H3 + O2 = ĊH2CHO + Ö 0.13
R13 HȮ2 + ȮH = H2O + O2 0.12
E60 ĊH3 + OH = C̈H2(S) + H2O 0.10

Joint mechanism

Reaction string |S̄|

R1 Ḣ + O2 = Ö + ȮH 1.00
R24 CO + ȮH = CO2 + Ḣ 0.41
R26 LPL HĊO + M = Ḣ + CO + M 0.26
J59 ĊH3 + HȮ2 = CH3Ȯ + ȮH 0.21
R9 LPL Ḣ + O2 + M = HȮ2 + M 0.19
J61 LPL ĊH3 + Ḣ + M = CH4 + M 0.17
R8 LPL Ḣ + ȮH + M = H2O + M 0.16
R13 HȮ2 + ȮH = H2O + O2 0.16
R11 HȮ2 + H = ȮH + ȮH 0.13
R10 Ḣ + HȮ2 = H2 + O2 0.13
J151 Ċ2H3 + O2 = ĊH2CHO + Ö 0.11
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Table A.10: CH3CHO laminar burning velocities (54 data points, |S̄| > 0.10)

Initial EtOH mechanism

Reaction string |S̄|

R1 Ḣ + O2 = Ö + ȮH 0.99
R24 CO + ȮH = CO2 + Ḣ 0.42
E68 LPL ĊH3 + Ḣ + M = CH4 + M 0.21
R26 LPL HĊO + M = Ḣ + CO + M 0.20
R9 LPL Ḣ + O2 + M = HȮ2 + M 0.19
R8 LPL Ḣ + ȮH + M = H2O + M 0.14
E60 ĊH3 + OH = C̈H2(S) + H2O 0.11

Joint mechanism

Reaction string |S̄|

R1 Ḣ + O2 = Ö + ȮH 0.99
R24 CO + ȮH = CO2 + Ḣ 0.41
R26 LPL HĊO + M = Ḣ + CO + M 0.22
J61 LPL ĊH3 + Ḣ + M = CH4 + M 0.21
R9 LPL Ḣ + O2 + M = HȮ2 + M 0.17
R8 LPL Ḣ + ȮH + M = H2O + M 0.13
J158 CH2CO + Ḣ = ĊH3 + CO 0.12
J59 ĊH3 + HȮ2 = CH3Ȯ + ȮH 0.11

Table A.11: C2H5OH concentration profiles (13,792 data points, |S̄| > 0.10)

Initial EtOH mechanism

Reaction string |S̄|

E177 HPL C2H5OH = C2H4 + H2O 0.43
E177 LPL C2H5OH + M = C2H4 + H2O + M 0.40
E187 C2H5OH + ĊH3 = ĊH2CH2HOH + CH4 0.39
E193 C2H4 + ȮH = ĊH2CH2HOH 0.37
E176 LPL C2H5OH + M = ĊH3 + ĊH2OH + M 0.30
E142 LPL CH3Ȯ + M = ĊH2OH + M 0.29
E91 LPL CH3Ȯ + M = CH2O + Ḣ + M 0.29
E188 C2H5OH + ĊH3 = CH3ĊHOH + CH4 0.22
E176 HPL C2H5OH = ĊH3 + ĊH2OH 0.25
E182 C2H5OH + Ḣ = CH3ĊHOH + H2 0.15
E195 LPL CH3CH2Ȯ + M = CH3CHO + Ḣ + M 0.19
E196 LPL CH3CH2Ȯ + M = ĊH3 + CH2O + M 0.18
E180 C2H5OH + ȮH = CH3CH2Ȯ + H2O 0.19
E141 LPL ĊH2OH + M = CH2O + Ḣ + M 0.19
E208 LPL CH3ĊHOH + M = CH3CHO + Ḣ + M 0.14
E181 C2H5OH + Ḣ = ĊH2CH2OH + H2 0.16
E189 C2H5OH + ĊH3 = CH3CH2Ȯ + CH4 0.15
E179 C2H5OH + ȮH = CH3ĊHOH + H2O 0.13
E183 C2H5OH + Ḣ = CH3CH2Ȯ + H2 0.12
E178 C2H5OH + ȮH−−ĊH2CH2OH + H2O 0.13
E103 C2H4 + Ḣ−−Ċ2H3 + H2 0.12
E170 CH3CHO + Ḣ = ĊH2CHO + H2 0.11
E104 C2H4 + ȮH = Ċ2H3 + H2O 0.11
E114 LPL Ċ2H3 + M = C2H2 + Ḣ + M 0.10

Joint mechanism

Reaction string |S̄|

J198 HPL C2H5OH = C2H4 + H2O 0.56
J214 C2H4 + ȮH = ĊH2CH2OH 0.38
J198 LPL C2H5OH + M = C2H4 + H2O + M 0.31
J208 C2H5OH + ĊH3 = ĊH2CH2HOH + CH4 0.29
J197 LPL C2H5OH + M = ĊH3 + ĊH2OH + M 0.28
J67 LPL ĊH2OH + M = CH2O + Ḣ + M 0.28
J79 LPL CH3Ȯ + M = CH2O + ȮH + M 0.27
J202 C2H5OH + ȮH = ĊH2CH2OH + H2O 0.23
J200 C2H5OH + ȮH = CH3ĊHOH + H2O 0.23
J217 LPL CH3CH2Ȯ + M = ĊH3 + CH2O + M 0.23
J197 HPL C2H5OH = ĊH3 + ĊH2OH 0.23
J216 LPL CH3CH2Ȯ + M = CH3CHO + Ḣ + M 0.21
J203 C2H5OH + Ḣ = CH3ĊHOH + H2 0.21
J80 LPL CH3Ȯ + M = ĊH2OH + M 0.20
J204 C2H5OH + Ḣ = CH3CH2Ȯ + H2 0.15
J229 LPL CH3ĊHOH + M = CH3CHO + Ḣ + M 0.15
J210 C2H5OH + ĊH3 = CH3CH2Ȯ + CH4 0.15
J225 CH3ĊHOH + Ḣ = C2H4 + H2O 0.13
J191 CH3CHO + Ḣ = ĊH2CHO + H2 0.11
J138 C2H4 + Ḣ = Ċ2H3 + H2 0.10
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Table A.12: CH3CHO concentration profiles (629 data points, |S̄| > 0.10)

Initial EtOH mechanism

Reaction string |S̄|

E171 CH3CHO + ĊH3 = CH3ĊO + CH4 0.38
E162 LPL CH3CHO + M = ĊH3 + HĊO + M 0.31
R1 Ḣ + O2 = Ö + ȮH 0.28
E170 CH3CHO + Ḣ = ĊH2CHO + H2 0.28
E162 HPL CH3CHO = ĊH3 + HĊO 0.23
R26 LPL HĊO + M = Ḣ + CO + M 0.18
E164 LPL CH3ĊO + M = ĊH3 + CO + M 0.17
E169 CH3CHO + Ḣ = CH3ĊO + H2 0.17
R9 LPL Ḣ + O2 + M = HȮ2 + M 0.16
E123 CH2CO + Ḣ = ĊH3 + CO 0.16
E69 HPL ĊH3 + ĊH3 = C2H6 0.15
E64 ĊH3 + O2 = CH2O + ȮH 0.14
R24 CO + ȮH = CO2 + Ḣ 0.14
E172 CH3CHO + ĊH3 = ĊH2CHO + CH4 0.12
R13 HȮ2 + ȮH = H2O + O2 0.10
E69 LPL ĊH3 + ĊH3 + M = C2H6 + M 0.10
E126 CH2CO + ĊH3 = Ċ2H5 + CO 0.10

Joint mechanism

Reaction string |S̄|

J192 CH3CHO + ĊH3 = CH3ĊO + CH4 0.43
J183 LPL CH3CHO + M = ĊH3 + HĊO + M 0.38
J183 HPL CH3CHO = ĊH3 + HĊO 0.31
R1 Ḣ + O2 = Ö + ȮH 0.28
J191 CH3CHO + Ḣ = ĊH2CHO + H2 0.26
R26 LPL HĊO + M = Ḣ + CO + M 0.20
J190 CH3CHO + Ḣ = CH3ĊO + H2 0.18
J59 ĊH3 + HȮ2 = CH3Ȯ + ȮH 0.17
J185 LPL CH3ĊO + M = ĊH3 + CO + M 0.17
J158 CH2CO + Ḣ = ĊH3 + CO 0.16
R9 LPL Ḣ + O2 + M = HȮ2 + M 0.15
J60 HPL ĊH3 + ĊH3 = C2H6 0.15
R24 CO + ȮH = CO2 + Ḣ 0.12
J65 ĊH3 + HȮ2 = CH4 + O2 0.12
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Electronic supplement

The electronic supplement of this work contains:

1. E-Appendix C: Indirect experimental data
2. E-Appendix D: Direct and theoretical determinations of reaction rate coefficients
3. The joint mechanism discussed in Section 3.5
4. A comprehensive collection of outgen input and output files
5. All figures
6. The present dissertation.
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