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ABSTRACT: A detailed reaction mechanism for ethanol combustion was developed for describ-
ing ignition, flame propagation, and species concentration profiles with high accuracy. Starting
from a modified version of the ethanol combustion mechanism of Saxena and Williams (Proc.
Combust. Inst. 2007, 31, 1149–1156) and adopting the H2/CO base chemistry from the joint opti-
mized hydrogen and syngas combustion mechanism of Varga et al. (Int. J. Chem. Kinet. 2016, 48,
407–422), an optimization of 54 Arrhenius parameters of 16 important elementary C1/C2 reac-
tions was performed using several thousand direct and indirect measurement data points as
well as the results of theoretical determinations of reaction rate coefficients. The final optimized
mechanism was compared to 16 reaction mechanisms that have been used for the simulation
of ethanol combustion with respect to the accuracy in reproducing the available experimental
data, including measurements of ignition delay times in shock tubes (444 data points in 39
data sets) and rapid compression machines (20/3), laminar burning velocity measurements
(1011/124), and species profiles measured using flow reactors (1750/23), jet-stirred reactors
(398/6) and shock tubes (8871/14). In addition to providing best fitted values for 54 Arrhenius
parameters, the covariance matrix of the optimized parameters was calculated, which provides
a description of the temperature-dependent ranges of uncertainty for each of the optimized
rate coefficients. C© 2016 Wiley Periodicals, Inc. Int J Chem Kinet 48: 423–441, 2016
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INTRODUCTION

Ethanol is widely used as a renewable alternative fuel
and gasoline additive. In the past decade, a considerable
growth in the worldwide production of fuel ethanol
was observed, with the United States being the most
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notable producer, followed by Brazil, the European
Union, and China [1]. While 5–10% v/v ethanol ad-
dition to gasoline is common in most industrialized
countries nowadays, E15 (i.e., a fuel blend of 15%
v/v ethanol and 85% v/v gasoline) is available only in
some countries, and E85 or pure ethanol gained im-
portance only in recent years or on special markets.
In spite of the widespread use of ethanol in automo-
tive engines, not all details of the chemistry related to
ethanol combustion are fully understood. Describing
the combustion kinetics of ethanol with higher accu-
racy has high scientific and practical significance and
can contribute to the development of more efficient car
engines with lower pollutant emissions.

Several kinetic mechanisms developed for or tested
against ethanol combustion experiments were pub-
lished in recent years [2–18]. Typically validated for a
restricted range of applications and/or conditions, it can
be observed that most of these mechanisms, to a greater
or lesser extent, fail at reproducing certain experimen-
tal data outside their range of validation. The aims of
this work are to develop a robust and well-performing
detailed mechanism suited for multiple purposes re-
lated to ethanol combustion following a hierarchical
mechanism optimization approach that was previously
employed in the optimization of hydrogen and syngas
combustion mechanisms [19,20] and to demonstrate
the usefulness of this method for more complex sys-
tems such as ethanol combustion.

In the context of the improvement of reaction mech-
anisms, “optimization” refers to a systematic search of
parameter values (typically rate parameters, but possi-
bly also thermodynamic properties or transport data)
of a combustion model within their physically realis-
tic domain of uncertainty to achieve the best possible
reproduction of selected experimental results.

The use of mechanism optimization techniques to
improve detailed combustion models follows the initial
ideas first proposed by Frenklach and Miller [21–23];
an algorithm was formulated later by Frenklach
et al. [24]. Frenklach et al. further developed the mech-
anism optimization approach toward data collabora-
tion [25–30]. Another series of mechanism optimiza-
tion papers, summarized in a recent review article [31],
was published by Wang and co-workers [32–36].

In these optimization methods, typically a small
number of optimization targets based on representative
indirect measurement data were defined and the most
influential rate parameters at these conditions (called
“active parameters”) were identified using local sensi-
tivity analysis. Active parameters chosen in these stud-
ies included A factors of the rate expressions, third
body collision efficiency parameters, and selected en-

thalpies of formation. The authors created polynomial
surrogate models (so-called “response surfaces”) for
each optimization target. After the optimization, many
of the obtained A factors were found to be at the edges
of their assigned uncertainty intervals. To address this
issue, the objective function was modified in more re-
cent works so that deviations of the A factors from their
initial values were penalized [29,30,35,36].

Another approach was suggested by Cai and Pitsch
[37], which includes the optimization of rate rules for
the development of combustion models for larger hy-
drocarbons, which can reduce the dimensionality of
the task, while guaranteeing the consistency of rate
coefficients of kinetically similar reactions.

It is worth noting that several authors used genetic
algorithms (GAs) for parameter optimization param-
eters of reaction mechanisms [38–44]. Some of these
articles also show the use of GAs in the context of
model reduction. A general discussion on the GA ap-
proach in combustion modeling can be found in the
textbook of Turányi and Tomlin [45].

An alternative optimization methodology was sug-
gested by Turányi and co-workers [19,46], which dif-
fers from the above methods as follows: (i) A much
larger number of indirect and direct experimental data
are used as optimization targets, (ii) all Arrhenius pa-
rameters (A, n, E) of the important reactions are opti-
mized instead of A factors only, (iii) response surfaces
are utilized to replace flame calculations only, (iv) new
algorithms are used for the generation of response sur-
faces and for the global parameter estimation, and (v)
the temperature-dependent uncertainties of the opti-
mized rate coefficients are estimated. Instead of penal-
izing the deviation of the optimized rate coefficients
from the recommended values, direct measurements of
rate coefficients are included as optimization targets.
This optimization approach was used in the present
work.

The most “complete” characterization of rate coef-
ficients could be achieved by optimizing reaction rate
parameters against combustion data at all conditions at
which these rate parameters are sensitive, i.e. revisit-
ing the chemistry of smaller species every time a reac-
tion appears to be sensitive during the combustion of a
larger fuel molecule. However, such an approach would
be hindered by the increasing computational demand,
as both the number of optimization targets and the pa-
rameters to be optimized increase. A more viable op-
tion is to keep the previously optimized rate parameters
unmodified and to optimize only the “new” reactions
that play an important role in the combustion of the
more complex fuel. This solution decreases computa-
tional costs and guarantees that a new mechanism also
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Table I Overview of the Indirect Measurements Used in This Work by the Type of Measurement and the Experimental
Facility

Type of Measurement Experimental Facility References Data Sets Data Points Diluent Systems

Ignition delay times 42 464
Shock tubea [48–60] 39 444 Ar, N2, Ne/Ar
Rapid compression machine [12] 3 20 Ar/N2
Burning velocity measurements 124 1,011
Outwardly/spherically propagating flame [53,61–76] 70 479 N2, N2/H2O, N2/Ar
Counterflow twin flame [77,78] 4 89 N2
Heat flux method [79–88] 45 389 N2, Ar, CO2, N2/H2O
Heat flux method (acetaldehyde flames) [89] 5 54 N2

Concentration measurementsb 40 10,873
Flow reactor concentration–time profiles [90,91] 12 1,215 N2
Flow reactor outlet concentrationsc [92,93] 10 459 N2/H2O
Jet-stirred reactor outlet concentrations [4,94] 4 328 N2
Shock tube concentration–time profiles [53,95] 14 8,871 Ne/Kr, Ne/Ar

Always pure ethanol was used as fuel, unless otherwise stated. The numbers of included data sets and data points as well as the diluent
systems are indicated.

aIncludes one data set (with 15 points) in which C2H5OH was an additive to CH4 fuel.
bOnly major species are considered here. These are C2H5OH, O2, CO, CO2, H2, H2O, CH4, C2H2, m/z = 28 (i.e., a superposition of CO and

C2H4) [53] and C2Hn [95]. Each measured species concentration is counted as separate data point. For example, a data set in which 10 species
were recorded at five times/distances/temperatures has 10 times 5 = 50 data points.

cFuels used in the experiments: C2H2 + C2H5OH, 288 data points/six data sets; pure C2H5OH, 135/3; pure C2H2, 36/1.

provides good results for the combustion of smaller
fuels, since the relevant chemistry is not modified. In
other words, the hierarchy of combustion systems is
maintained and larger mechanisms are fully “backward
compatible.” For this reason, the H2/CO chemistry op-
timized in a previous work of our group [20] remained
unchanged, despite the fact that several reactions in
the H2/CO subsystem are important for the modeling
of ethanol combustion, particularly in freely propagat-
ing premixed flames (see Table F of the Supporting
Information).

Furthermore, pursuing a hierarchical optimization
strategy signifies that the optimization targets together
with the reactions to be optimized are taken into ac-
count in a step-by-step strategy in the course of the
optimization, in an increasing order of the number of
reactions that are influential for the respective sub-
group of optimization targets in each step. Thereby,
the process of converging toward an optimal set of rate
parameters can be accelerated.

The present article describes the development of
an optimized ethanol combustion mechanism and de-
scribes its quality of performance in comparison to
other published mechanisms. Performance is under-
stood as the agreement between the simulation results
and the available experimental data. It is organized as
follows: In the second section, the collection of indi-
rect experimental data will be detailed, followed by a
description of the initial mechanism for optimization

(the third section). The selection of the rate parame-
ters to be optimized is explained in the fourth section.
Direct measurements and theoretical determinations of
reaction rate coefficients that were used in this work are
also discussed in this section. The method of parameter
optimization and the determination of parameter uncer-
tainties is explained in the fifth section. The following
sixth and seventh sections describe the calculation of
response surfaces and the strategy for optimization, re-
spectively. Features of the optimized mechanism and
a comparison to other published reaction mechanisms
can be found in the eight section, and the conclusions
are subsumed in the last section.

COLLECTION OF INDIRECT
EXPERIMENTAL DATA

A large amount of experimental data has been pub-
lished on ethanol combustion and a comprehensive
collection of these data was assembled (see Table I)
starting from (but not limited to) the remarkable col-
lection of ethanol combustion data reviewed by Sarathy
et al. [47].

Ignition delay times were measured in shock tubes,
using mixture of O2 with either Ar or Ne/Ar diluents
[48–55] (φ = 0.25–2; conditions behind the reflected
shock wave: p5 = 0.2–16.9 atm and T5 = 980–2222 K).
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In other experiments [48–55], technical air was used
to dilute ethanol (φ = 0.3–1.0, p5 = 8.9–91.5 atm,
T5 = 778–1411 K). Time-to-ignition data measured in
a rapid compression machine (RCM) were published
by Mittal et al. [12] (φ = 0.3, Tc = 831–983 K, pc = 10–
50 bar). A summary of all collected ignition delay time
data sets can be found in Tables A.1 (shock tube data)
and A.2 (RCM data) of the Supporting Information.

Ethanol laminar burning velocities were mea-
sured in spherical bombs [53,61–76] (summarized in
Table B.1 of the Supporting Information), using the
counterflow twin flame technique [77,78] (Table B.2
in the Supporting Information) or heat flux burn-
ers [79–88] (Table B.3 in the Supporting Informa-
tion). These literature data cover preheat tempera-
tures of 298–500 K, initial pressures of 0.9–13.8 atm,
and equivalence ratios of φ = 0.55–1.82. Except for
Nauclér and co-workers [83,84], who carried out mea-
surements in Ar and CO2 dilution with pure O2 oxi-
dizer, all flame studies were carried out with dry or wet
air. Laminar burning velocity data for acetaldehyde fuel
were recently published by Christensen et al. [89]. The
authors showed that these data can be described well
using ethanol combustion mechanisms and, thus, used
in the present work (see Table B.4 for an overview in the
Supporting Information). As it can be seen in Table F
of the Supporting Information, all C1/C2 reactions im-
portant in these flames are also important in ethanol
combustion.

In addition to burning velocity and ignition delay
data, a large variety of concentration profiles were
recorded in flow reactors [90–93], jet-stirred reac-
tors [4,94], and shock tubes [53,95] at various con-
ditions (φ = 0.03–5, p = 1–12 atm, T = 760–1700 K).
Details on the collected speciation measurements can
be found in Tables C.1–C.4 of the Supporting Informa-
tion. It has been noted by Burke et al. [96] for the case
of H2 combustion that speciation measurements in pre-
mixed flames cannot be utilized well for optimization,
since all simulation results are far more sensitive to the
temperature profile used for the simulations than to the
kinetic parameters. Therefore, such premixed flame
speciation measurements (e.g., [4,97–102]) were not
used in our present work. Counterflow flame speciation
data are less affected by such uncertainties caused by
the temperature profiles; however, only a small amount
of data was found in the literature [9]. A discussion of
the potentially large uncertainties of counterflow flame
measurements was provided by Ju [103]. Therefore,
we did not consider this type of data for optimization
and mechanism testing.

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 Wang and
Wang [104], indicating that these measured values are
in contradiction to all other collected data. The 298 K
series in Egolfopoulos et al. [77] was disregarded, as
it was obtained from extrapolating data measured at
higher temperatures. RCM ignition delay time data
were omitted if the related profiles could not be ob-
tained from the authors, as accurate pressure profiles
are of crucial importance for modeling RCM data.
Some flow reactor speciation data (in [90,91]) 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 combustion was created from
these indirect experimental data, containing 12,348
data points in 206 data sets, which was used in the
optimization and to compare the performances of the
mechanisms. All relevant experimental conditions and
results were encoded into the ReSpecTh Kinetics Data
format [105], which is an extended version of the
PrIMe XML file format [106]. These XML files pro-
vide all measured values and metadata required for
simulations (e.g., the exact definition of ignition de-
lay according to the corresponding experimental pub-
lication) and are accessible on the ReSpecTh web-
page [107].

THE INITIAL MECHANISM

The mechanism of Saxena and Williams [9] was cho-
sen as a starting point for the development of an initial
mechanism based on its overall satisfying performance
in predicting the collected measurement data and its
suitable size. The H2/CO core of the original mecha-
nism was replaced by the optimized syngas mechanism
developed in our earlier work [20]. As a consequence,
the excited radical OH* was added to the mechanism.
Furthermore, the interaction of OH* with CH4 was
considered [108]. Noble gases Kr and Ne were added
to the mechanism as possible third body collision part-
ners as they are used as bath gases in some experimen-
tal studies. Unit third body collision efficiencies were
used for Kr and Ne in all pressure-dependent reactions.

In the original Saxena-Williams-2007 mechanism,
the decomposition of acetaldehyde was defined as pres-
sure independent and only the dominant route to the
products CH3 and HCO (reaction (147) in the Saxena
and Williams mechanism [9]) was considered. As in
the recent work of Metcalfe et al. [11], we followed
the suggestion of Sivaramakrishnan et al. [109] of as-
suming pressure dependence and added to the initial
mechanism a second pressure-dependent branch yield-
ing CH4 and CO.

International Journal of Chemical Kinetics DOI 10.1002/kin.20998
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Thermochemical data of ethylene (C2H4), ethyl
radical (C2H5), ethane (C2H6), vinyl radical (C2H3),
ethanol (C2H5OH), acetaldehyde (CH3CHO), 1-
hydroxy ethyl radical (CH3CHOH), 2-hydroxy ethyl
radical (CH2CH2OH), ethoxy radical (CH3CH2O), al-
lyl radical (C3H5), propylene (C3H6), propane (C3H8),
iso-propyl (i-C3H7), and n-propyl (n-C3H7) were up-
dated with the values of Burke et al. [110] based on
the group additivity method. In addition to this, the
NASA polynomials of formaldehyde (CH2O), methane
(CH4, treated as anharmonic oscillator), methyl radical
(CH3), singlet and triplet methylene radical (CH2(S)
and CH2(T)), methoxy radical (CH3O), methyli-
dyne radical (CH), acetylene (C2H2), vinoxy radi-
cal (CH2CHO), oxirane (C2H4O), ketene (CH2CO),
ketyl radical (HCCO), ethynyl radical (C2H), hydrox-
ymethylene radical (CH2OH), methanol (CH3OH),
acetyl radical (CH3CO), allene (C3H4), and propargyl
(C3H3) were replaced with the most recent recommen-
dations of Goos et al. [111], as these species were not
covered in the review of Burke et al. [110]. All other
species are also present in the H2/CO core mecha-
nism, and their thermochemistry remained unchanged
to maintain full backward compatibility.

The modifications of the H2/CO chemistry and the
CH3CHO decomposition step already led to an im-
provement of the overall performance compared to the
original mechanism. However, the changes made to
the thermochemistry affected the performance of the
initial mechanism rather little.

RATE PARAMETERS TO BE OPTIMIZED,
THEIR PRIOR UNCERTAINTY DOMAINS
AND RATE DETERMINATIONS USED AS
OPTIMIZATION TARGETS

A brute-force first-order local sensitivity analysis [45]
at the conditions of the indirect experimental data was
carried out using the initial mechanism. For each sim-
ulated experimental data point, the sensitivities cor-
responding to a 5% change of the A factors of each
reaction step were calculated. The rate parameters of
those reactions were selected for optimization that pro-
duced high sensitivity coefficient values at several ex-
perimental conditions. A complete overview of all im-
portant reactions for each type of measurement can
be found in Table F of the Supporting Information.
Note that several of the most important reactions are
part of the H2/CO subsystem and have previously been
optimized [20]. These reactions were not selected for
(re)optimization to preserve mechanism hierarchy. The
list of the chosen rate parameters is given in Table II.
Altogether, 54 Arrhenius parameters of 16 reactions

were selected. Typically, the sensitivity values for the
third body collision efficiencies were very low and an
optimization of these factors would not lead to a sig-
nificant overall improvement of the mechanism, which
is why collision efficiencies were not optimized in the
present work. For reactions R176 and R177, both the
high-pressure limit (HPL) and the low-pressure limit
(LPL) Arrhenius parameters were optimized, for reac-
tion R68 only the LPL one. All three Arrhenius pa-
rameters (A, n, E) of the selected reactions were opti-
mized. Thus, for reactions R60, R63, R176, and R177,
a three-parameter description was preferred over the
temperature-independent (reaction R63) or the (A, E)-
type parameterization (HPL of R176) suggested by
Saxena and Williams [9].

Direct measurements and theoretical studies of the
rate coefficients at conditions relevant in combustion
were collected for the selected reactions and used as
additional targets during the optimization. For H ab-
straction from C2H5OH by OH (reactions R178–R180
in the initial mechanism), in total 108 data points in
11 data sets within a temperature range of 296–1297 K
were used [112–117], alongside the theoretical results
of Sivaramakrishnan et al. [113], Zheng and Truhlar
[118], and Xu and Lin [119]. In total, 195 direct rate co-
efficient measurements in 16 data sets within a range of
T = 840–1899 K were collected [113,120–123] for the
C2H5OH decomposition channels (R176, R177); the-
oretical calculations of Sivaramakrishnan et al. [113]
and Park et al. [121] were also considered. One mea-
sured rate coefficient [124] at 423 K was included for
C2H5OH + CH3 = CH3CHOH + CH4, as well as theo-
retical calculations [125] for all three product channels
of C2H5OH + CH3 (R187–R189). For the reaction
C2H4 + OH = C2H3 + H2O (R104), 22 data points
in two data sets were utilized [126,127] (T = 651–
1746 K), together with theoretical determinations from
various authors [128–131]. In addition to these data
describing the C2H3 + H2O product channel, di-
rect measurements of the sum of all product chan-
nels for the reaction of C2H4 and OH were pub-
lished [130,132–135] and used here (T = 296–1931
K, 77 data points/eight data sets). Reaction H +
CH3(+M) = CH4(+M) (R68) was studied by sev-
eral authors in the forward direction experimentally
[136,137] (T = 401–601 K, 32 data points/four data
sets) and theoretically [138], and also in the reverse
direction experimentally [139–146] (T = 401–601 K,
251 data points/12 data sets). Theoretical results of
Jasper et al. [147] and direct measurements of rate co-
efficients [148–150] for the reaction of CH3 and HO2

(including R63) were considered (T = 414–1249 K,
22 data points/three data sets). The reaction CH3 +
OH = CH2(S) + H2O was subject of an experimental
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Table II Reactions Selected for Optimization, the Rate Parameters in the Initial Mechanism, and the Optimized
Values of the Parametersa

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

R60 CH3 + OH = CH2(S)
+ H2O

1.0 0.15–0.51 4.000E+13 0 1259.38 5.480E+16 –1.275 186.31

R63 CH3 + HO2 = CH3O
+ OH

0.46–0.76 0.47–0.65 5.000E+12 0 0 7.910E+01 3.146 –2511.78

R68 LPL H + CH3 + 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

R104 C2H4 + OH = C2H3
+ H2O

0.32–0.73 0.15–0.37 5.530E+05 2.310 1491.53 7.759E–03 4.568 –287.39

R116 C2H3 + O2 =
CH2CHO + O

0.4 0.29–0.85 7.000E+14 –0.611 2648.43 1.564E+13 –0.034 2279.70

R176 HPL C2H5OH = CH3 +
CH2OH

2.0 0.20–0.40 5.000E+15 0 41268.25 2.414E+41 –7.269 48499.10

R176 LPL C2H5OH + M = CH3
+ CH2OH + M

2.5 0.17–0.49 3.000E+16 0 29189.73 7.497E+62 –12.403 51467.77

R177 HPL C2H5OH = C2H4 +
H2O

1.0 0.13–0.38 8.000E+13 0 32712.63 7.864E+09 1.119 32534.24

R177 LPL C2H5OH + M =
C2H4 + H2O + M

3.0 0.34–0.62 1.000E+17 0 27176.65 9.321E+72 –16.204 40116.78

R178 C2H5OH + OH =
CH2CH2OH +
H2O

1.0 0.23–0.46 1.810E+11 0.4 360.85 1.653E+07 1.502 –203.89

R179 C2H5OH + OH =
CH3CHOH + H2O

1.4 0.06–0.20 3.090E+10 0.5 –191.24 1.294E+09 1.135 –228.85

R180 C2H5OH + OH =
CH3CH2O + H2O

1.2 0.20–0.40 1.050E+10 0.8 360.85 1.637E+02 3.148 –286.29

R182 C2H5OH + H =
CH3CHOH + H2

1.0 0.36–0.55 2.580E+07 1.6 1424.26 6.375E+13 –0.327 2707.89

R187 C2H5OH + CH3 =
CH2CH2OH +
CH4

1.0 0.25–0.54 2.190E+02 3.2 4841.47 1.861E+02 3.450 5542.85

R188 C2H5OH + CH3 =
CH3CHOH + CH4

0.6 0.24–0.55 7.280E+02 3.0 4001.01 2.476E+01 3.368 3955.79

R189 C2H5OH + CH3 =
CH3CH2O + CH4

0.8 0.39–0.73 1.450E+02 3.0 3850.03 9.533E–02 4.159 4119.00

R190 C2H5OH + HO2 =
CH3CHOH +
H2O2

1.0 0.11–0.33 8.200E+03 2.5 5435.33 5.544E+18 –1.808 8291.97

R196 LPL CH3CH2O + M =
CH3 + CH2O + M

1.7 0.72–0.86 5.350E+37 –7.0 11977.86 4.170E+48 –10.226 13536.60

aUnits are in cm, mol, K, and s. Values of the prior and posterior uncertainty parameters are given for the temperature range of 500–2500 K.

study of Srinivasan et al. [151] (T = 1085–1348 K, 16
data points/one data set) and a theoretical determina-
tion by Jasper et al. [152]. An overview of all direct
measurements collected and used in the present work
can be found in Tables D.1–D.7 of the Supporting In-
formation, whereas theoretical determinations of rate
coefficients are summarized in Table E of the Support-
ing Information.

Global parameter optimization methods require the
definition of a domain of uncertainty of the param-
eters, because the optimal parameter set is sought

within this domain. The aim of the present optimiza-
tion was to find physically realistic rate parameters.
Therefore, the so-called prior uncertainty domain of
rate parameters is defined in such a way that it con-
tains all physically realistic values for a given rate
coefficient. The prior uncertainty domain was deter-
mined from direct measurements and theoretical cal-
culations found in the literature. Articles reporting the
results of direct measurements provide the values of
the measured rate coefficient of an elementary reaction
at various temperatures, pressures, and possibly using

International Journal of Chemical Kinetics DOI 10.1002/kin.20998
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different bath gases. A new systematic method for the
determination of the prior uncertainty domain of the
Arrhenius parameters has been applied to 22 reactions
of the H2/CO system by Nagy et al. [153]. Apply-
ing this method to the ethanol combustion system,
all direct measurements and theoretical determinations
of the rate coefficient were collected for each ele-
mentary reaction investigated from the NIST Chem-
ical Kinetics Database [154] and from review arti-
cles [4,5,9,11,56]. On an Arrhenius plot, the temper-
ature dependence of ln k outlines an uncertainty band
of the rate coefficient. 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 re-
action step [45,46,155]. This covariance matrix char-
acterizes the prior uncertainty domain of the parame-
ters. The extrema of the uncertainty band were used
as the limiting values of the acceptable rate coef-
ficients during the optimization. Reactions R68 and
R104 could be treated this way, and a normal proba-
bility distribution was assumed for these reactions. For
all other reactions, very few literature data were avail-
able and temperature independent prior f values were
estimated based on these scarce data and a uniform
probability distribution of the rate coefficients had to
be assumed. A collection of data used for the esti-
mation of the prior uncertainty limits can be found
in the Supporting Information. The prior uncertainty
limits were determined by using the computer codes
[153,155] u-Limits, UBAC and JPDAP that can be
downloaded from the ReSpecTh webpage [107]. Val-
ues of prior (and posterior) f(T) limits for each opti-
mized reaction can be found in Table II. During the
optimization, these uncertainty ranges were enforced
by discarding all rate parameter sets that produced
a rate coefficient that fell outside the corresponding
uncertainty domain in the temperature range of 500–
2500 K.

PARAMETER OPTIMIZATION METHOD

The global parameter optimization method applied
here has been described in detail [46]. Its use has
been successfully demonstrated in various articles
[19,20,156–158]. The optimal set of parameters was
obtained by the minimization of the following objec-
tive function:

E(p) = 1

N

N∑
i=1

1

Ni

Ni∑
j=1

(
Y mod
ij (p) − Y

exp
ij

σ (Y exp
ij )

)2

(1)

where

Yij =
{

yij ifσ (yexp
ij ) ≈ constant

ln yij ifσ (ln y
exp
ij ) ≈ constant

(2)

Here N is the number of data sets and Ni is the number
of data points in the ith data set. The valueyexp

ij is the
jth measured data point in the ith data set. For the in-
direct measurement data, the modeled value is Y mod

ij ,
obtained from a simulation using an appropriate de-
tailed mechanism, which belongs to a given set of rate
parameters p. For direct measurement data, Y mod

ij cor-
responds to the calculated rate coefficient at a given
temperature, pressure, and diluent composition. Dur-
ing the global minimum search, multiple random pa-
rameter sets p are created, the corresponding E(p) val-
ues are evaluated, and the lowest value is accepted as
the new optimum. Then, a new search is started around
the new optimum value and the procedure is repeated
until convergence is reached. The algorithm has been
described in detail elsewhere [46].

The standard deviation of an experiment was de-
termined for each data set separately, based on the
scatter of the data and experimental uncertainties, if
reported. Details on the estimation of standard devi-
ations can be found in the introduction of the Sup-
porting Information. Constant absolute error (σ (yexp

ij )
is identical for all j) was assumed for the measured
laminar burning velocities and species profiles, in this
case Yij = yij applies. Constant relative error (σ (yexp

ij )
is identical for all j, thus Yij = ln yij ) was assumed for
the ignition delay measurements and the reaction rate
coefficients determined in direct experiments. Expla-
nations for these choices were provided in a previous
study [159]. The estimated standard deviations for each
data set are listed in Tables A.1–C.4 of the Supporting
Information.

The posterior covariance matrix �p of the optimized
parameters can be estimated using the following equa-
tion [46]:

�p =
[(

JT
o W�−1

Y Jo
)−1

JT
o W�−1

Y

]
(�Y + ��)

[(
JT

o W�−1
Y Jo

)−1
JT

o W�−1
Y

]T
. (3)

Here, the matrices �Y and �� are the statistical and
the systematic errors of the experimental results, re-
spectively. W is the matrix of weights of the individual
data points, and Jo is the first derivative matrix of the
model results according to the optimized parameters at
the optimal parameter set.

When processing experimental data measured on
the same apparatus, the systematic errors of the
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experiments can be assumed correlated [156,157]. In
this case, the remaining discrepancy between the op-
timized model results and the experimental results is
�� = �Y�YT, where �Y = Ȳmod − Yexp and Ȳ mod

and Yexp are the vectors of the optimal modeled and the
experimental results, respectively. For the optimiza-
tion of complete mechanisms based on experimental
data collected from many independent sources, the
systematic errors can be assumed uncorrelated [20].
Therefore, we took into account the discrepancies be-
tween the simulated and experimental results by us-
ing equation (��)ij = δij�Yi�Yj , where δij is the
Kronecker delta. The posterior covariance matrix was
transformed to the temperature-dependent uncertainty
limits of the rate coefficients using the method de-
scribed previously [46].

The evaluation of the error function requires simu-
lation of the experiments. The appropriate simulation
programs (SENKIN [160], PREMIX [161], or PSR
[162]) of the CHEMKIN-II package [163] were used
by default; the alternative solvers OpenSMOKE [164]
and FlameMaster [165] were chosen if necessary (see
the eight section). All simulation methods were chosen
so that the numerical inaccuracies be minimal. The in-
tegrator tolerances were set to strict values for all sim-
ulations. For laminar burning velocity calculations, the
mixture-averaged diffusion model was used and ther-
mal diffusion was accounted for during the simulations.
The computational grid in these calculations was set
to contain at least 600 points. The GRAD and CURV
settings in PREMIX were constrained to be less than
0.1 and were typically around 0.02–0.03, with corre-
sponding grid sizes of 600–900 grid points or more.
A qualitatively similar grid refinement was ensured if
alternative solvers were used. A grid dependency study
with PREMIX revealed that, at this level of refinement,
the influence of doubling the grid size has an effect of
less than 0.5% on the simulated value of the laminar
burning velocity.

CALCULATION OF RESPONSE SURFACES

Response surfaces were used in the optimization for
laminar flames only, since simulations of burning ve-
locities are computationally expensive if calculated di-
rectly. The approach of calculating laminar burning
velocities via response surfaces and direct simulation
of all other experimental data has been used previ-
ously [20] and has shown to be a good compromise
between favorable speed of computation and goodness
of the obtained optimal fit of parameters.

For each laminar burning velocity data point, 9500
uniformly distributed samples of the active parameters,

previously identified using sensitivity analysis, were
generated within their joint domain of uncertainty us-
ing the SAMAP algorithm [153]. All other parameters
were fixed at their original values. Simulations were
performed at all experimental conditions using each
generated parameter set. The simulation results were
fitted by orthonormal polynomials using the method
described by Turányi [166], restricting monomials to
be fourth order at most with two variables of which
one is of first order. The orthonormal polynomials were
then converted to regular polynomials [166].

The polynomials obtained were tested against sim-
ulation results generated from 5% of the simulated
sets of parameters. The maximum allowed difference
between the test set of simulation results and the poly-
nomial was 1 cm/s, which is also the minimum 1σ

experimental uncertainty assigned to the data sets used
in this work. Typically, the corresponding average de-
viations were below 0.2 cm/s. Those laminar burning
velocity measurements for which an accurate response
surface could not be calculated (397 of 1011 flames)
were omitted from the optimization, but were included
in the evaluation of the optimized models performance
and comparison with other models.

It may be beneficial to omit reactions from the cre-
ation of response surfaces that were selected to be op-
timized. For example, some reactions have a large im-
pact on the simulation results at the conditions of igni-
tion or speciation experiments, but have much smaller
effects at flame conditions. It was found previously that
10% of the maximum sensitivity coefficient for a given
data point is a viable threshold for deciding whether
or not an optimized reaction shall be included. The
advantage of this selection is a better coverage of the
sampled rate parameters when the total number of sam-
ples is fixed as in the method applied here. However,
this threshold value of 10% is somewhat arbitrary and
may cause larger inaccuracies as the optimum departs
from the initial parameter set, particularly if previously
unimportant reactions become more influential rela-
tive to the others. This behavior is more likely to be
observed when the optimum is sought within a large
prior uncertainty domain, as it is the case for some of
the reactions optimized in this work (see fprior values in
Table II).

There are three ways to address this issue: (a) car-
rying out direct flame simulations, potentially using
only a subset of the available data; (b) increasing the
number of variables in the response surface creation by
lowering the threshold for the inclusion of optimized
reaction rate parameters; and (c) using an iterative pro-
cess of recreating response surfaces as the optimization
proceeds, which would increase the accuracy of the
surrogate models in the vicinity of the (intermediate)
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optimized model fit. All three strategies may be ad-
vantageous depending on the computational capacities
available, time constraints, and accuracy requirements.
In the final round of optimization, we chose option
(a) for a selected subset of burning velocities (114 of
1011 data points). This approach differs from the one
applied in our previous mechanism optimization [20]
where only response surfaces were used for flame sim-
ulations. Using direct flame calculations largely im-
proved the predictions of laminar burning velocities
for very lean and rich gas mixtures.

OPTIMIZATION STRATEGY

In the final optimization cycle, 724 direct rate coeffi-
cient measurements, 36 theoretical 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
(1644, 493, and 10785 points, respectively) were used.
The shock tube speciation data also included measure-
ments of CH3CHO.

In contrast to our previous optimization works
[19,20] on hydrogen and syngas, local sensitivity anal-
ysis results revealed that kinetic information can be
inferred from jet-stirred reactor (JSR) experiments;
therefore, these were included as optimization tar-
gets. The results of turbulent flow reactor experi-
ments [90,91] were interpreted by shifting the simu-
lated species profiles to match the simulated half de-
pletion time of ethanol, as it was recommended by
Dryer et al. [167]. In a few cases where the half fuel
depletion point was not observed in the reported re-
sults, a smaller degree of conversion was used as the
matching point (see Table C.1 of the Supporting In-
formation). As outlined by Varga et al. [20], this time
shifting introduces a free parameter. Hence, the uncer-
tainties of rate parameters would be underpredicted,
as most of the systematic discrepancies between the
experimental data and the simulation results are elim-
inated by shifting the concentration profiles. For this
reason, flow reactor concentration–time profiles were
omitted from the calculation of the covariance matrix
according to Eq. (2), but still used as optimization tar-
gets. A few data points at the beginning or end of an
individual measurement were not used in optimization,
if the experimentally measured profiles did not show a
significant amount of reactivity.

The optimization involved fitting of 54 parameters
to several thousand data points, which is a computa-
tionally challenging task; therefore, a systematic hier-
archical optimization strategy was devised. In the first

optimization step, those experimental data were se-
lected as optimization targets that were sensitive only
to the parameters of the lowest number of reactions
(R104 and R116). Then more and more experimental
data points and the corresponding influential reactions
were included following the same concept, and all pa-
rameters considered up to that 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 reac-
tion. This resulted in the inclusion of further reactions
in the following order: R63, R178, R182, R176 (HPL),
R177 (HPL), R196 (LPL), R179, R180, R190, R60,
R176 (LPL), R177 (LPL), R68 (LPL), R188, R187,
and R189.

Reactions C2H4 + OH = CH2CH2OH (R193,
which is among the more sensitive reactions for species
profile simulations) and CH3CH2O + M = CH3CHO
+ H + M (R195, important in ignition simulations)
were included in a trial optimization, but the calculated
posterior uncertainty domains were very large, indicat-
ing that the data sets do not contain enough information
to characterize these reactions quantitatively. In addi-
tion to this, the inclusion of these reactions into the
optimization only had a small effect on the reduction
of the error function values. Therefore, the rate param-
eters of reactions R193 and R195 were not optimized
in the present work.

The rate parameters of further C1/C2 reactions were
important at a very limited number of conditions only
and, therefore, were not included in the present op-
timization (for details see Table F of the Supporting
Information).

RESULTS AND DISCUSSION

Features of the New, Optimized Mechanism

Table II presents the optimized values of the rate pa-
rameters compared to the original values [9]. The
newly developed mechanism consists of 49 species
and 251 reactions, which is somewhat more compared
to 46/235 in the Saxena and Williams mechanism [9]
when disregarding the NOx chemistry. Combustion
data used as targets during the optimization of this
mechanism are in a temperature range of 750–2400 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 calculated posterior uncertainty
limits represent how precisely the rate coefficients can
be determined from the available data. They can be
considered meaningful only in the temperature range
for which data were included in the optimization. If at
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Figure 1 Arrhenius plots of the prior mean and optimized rate coefficients with their prior and posterior uncertainty ranges
for the optimized reaction rate coefficients. Rate coefficient units are s−1 for the HPL of reactions R176 and R177, and cm3

mol−1 s−1 for the other reactions.

the extremes of this temperature range, none of the ex-
perimental data are sensitive to a certain reaction, the
posterior uncertainty limits can be wider than the prior
ones. This behavior can be observed, e.g., for reaction

R116 at lower temperatures and for R63 (see Fig. 1).
For all other reactions (R60, R68 LPL, R104, R176
HPL and LPL, R177 HPL and LPL, R178–R180,
R182, R187–R189, and R190), the uncertainties of
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Figure 2 Temperature dependence of the branching ratios for the decomposition of C2H5OH at 1 atm pressure. Branching
ratios recommended by Park et al. [121] (gray), Li et al. [122] (purple), Sivaramakrishnan et al. [113] (black), and Wu et al. [123]
(green; at 1–2 atm) are compared to the branching ratios computed from the rates found in the Leplat-2011 mechanism [4]
(cyan), the initial mechanism/SaxenaWilliams-2007 mechanism (blue), and the optimized mechanism (red). The shaded areas
signify the respective 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–C scission and short dotted lines for
the dehydrogenation reaction are used.

k could be effectively reduced in the whole temper-
ature range of interest as a result of optimization (see
Fig. 1 and also the corresponding f values in Table II).
The optimized rate parameters of these reactions can
be considered the best representation of the kinetic
information that can be extracted from the utilized ex-
perimental results. For reaction R63 (CH3 + HO2 =
CH3O + OH), 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 opti-
mized rate coefficient of R63 at �900 K is very close
to the lower prior uncertainty limit. However, an addi-
tion of this reaction to the list of optimized reactions
leads to a significant decrease of the error function val-
ues across all types of data. When using the optimized
rate parameters obtained for reactions R63 and R116,
the large associated posterior uncertainties have to be
recognized.

In the optimized mechanism, unimolecular decom-
position of C2H5OH is defined in a pressure-dependent
way using Troe fits in the fall-off region, but only two
branches are included: C–C scission (reaction R176,
yielding CH3 and CH2OH) and the dehydration chan-
nel (reaction R177, yielding C2H4 and H2O). Although
the rates provided in the work of Sivaramakrishnan
et al. [113] suggest that there is a growing importance
of C–O scission (yielding C2H5 and OH) with increas-
ing temperature and pressure, up to 7% at 100 atm and
2000 K. Thus, this channel seems unimportant at low-
to-moderate pressures, which is the reason why it was
not added to the initial mechanism. Note that the C–O
scission reaction also appears—more prominently—in
the mechanism of Leplat et al. [4] (who adopted the val-
ues of Marinov [5] for this subset of reactions), while
a fourth branch, the dehydrogenation reaction yielding
CH3CHO and H2, can safely be neglected. Figure 2
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Figure 3 Temperature dependence of the branching ratios for H abstraction from C2H5OH via OH. Branching ratios rec-
ommended by Xu and Lin [119] (purple dash-dot-dotted lines), Sivaramakrishnan et al. [113] (black dashed lines), Zheng
and Truhlar [118] (orange short dash-dotted lines), Carr et al. [116] (green dash-dotted lines and green squares), and Stranic
et al. [117] (magenta circles) are compared to those found in the Leplat-2011 mechanism [4] (cyan dashed lines), the initial
mechanism/SaxenaWilliams-2007 mechanism (blue short dotted lines), and the optimized 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 OH site abstraction in the bottom left plot.

compares the temperature dependence of the ethanol
decomposition branching ratios based on theoretical
calculations of Sivaramakrishnan et al. [113], Park
et al. [121], and Li et al. [122] with the measurements
of Wu et al. [123] (p = 1–2 atm) as well as the branch-
ing ratios computed from the rates found the initial
mechanism (with reaction rates as reported by Saxena
and Williams [9]), in the optimized mechanism and—
for comparison—in the Leplat et al. mechanism [4],
at a pressure of 1 atm. While there is a good agree-
ment with the theoretical work of Sivaramakrishnan et
al. [113] and Park et al. [121] at low-to-medium tem-
perature, the importance of the C–C scission channel is
emphasized in the optimized mechanism. In compari-
son to the other two mechanisms shown in Fig. 2, the
optimization favors a branching ratio function closer
to the ones reported in the literature, with the excep-
tion of the theoretical results of Li et al. [122] (which
were not used as optimization target). The 99% con-

fidence intervals shown in Fig. 2 (also in Figs. 3 and
4) were calculated with a Monte Carlo sampling tech-
nique. One million samples were generated assuming
normal distribution of the reaction rate parameters and
using the posterior covariance matrix.

The obtained branching ratios of H abstraction
from C2H5OH by OH at 900 K (BRα-site(R179) = 79%,
BRβ-site(R178) = 12%, BROH-site(R180) = 9%) are similar
to some of the branching ratios found in the review arti-
cle of Sarathy et al. [47], particularly to those of Zheng
and Truhlar [118] and Xu and Lin [119]. Figure 3 shows
the temperature dependence of the branching ratios of
the rate coefficients calculated by Xu and Lin [119],
Sivaramakrishnan et al. [113], and Zheng and Truh-
lar [118], measured by Carr et al. [116] and Stranic
et al. [117] as well as the rates defined in the Leplat et al.
mechanism [4], the initial mechanism (as reported by
Saxena and Williams [9]) and in the optimized mech-
anism. In contrast to theoretical rate coefficient and
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Figure 4 Temperature dependence of the branching ratios for H abstraction from C2H5OH via CH3. Branching ratios
recommended by Xu et al. [125] (purple dash-dot-dotted lines) are compared to those found in the Leplat-2011 mechanism [4]
(cyan dashed lines), the initial mechanism/SaxenaWilliams-2007 mechanism (blue short dotted lines), and the optimized
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 OH site abstraction in
the bottom left plot.

branching ratio determinations, the optimization favors
that the OH abstraction channel becomes much more
important as the temperature increases (up to �42%
at 2500 K, rivaling the α-site abstraction channel with
47%); whereas at low-to-medium temperatures, there
is a better agreement among the branching ratios shown
in Fig. 3. Experimentally obtained branching ratios
are captured well by the optimized mechanism, with
the exception of the 1250 K measurement of Stranic
et al. [117] for the β channel. As Fig. 3 suggests, there
does not seem to exist a consensus in recent literature
on the temperature dependence of the C2H5OH + OH
branching ratios; however, the optimized branching ra-
tios of C2H5OH+OH match the closest with the the-
oretical results of Xu and Lin [119] and Zheng and
Truhlar [118]. Subsequent reactions may, however,
play a more important role than the initial H abstraction
via OH, particularly in flame propagation.

As the comparison of the optimized branching ratios
for C2H5OH + CH3 with literature values in Fig. 4

shows, the branching ratios obtained by Xu et al. [125]
and those derived from the rates in the mechanism of
Leplat et al. [4] are mostly within the 99% confidence
intervals of the optimized model, though the α site is
considerably less pronounced in favor of H abstraction
from the β site. The OH-site abstraction branching
ratios match well.

Comparison of the Optimized Mechanism
to Other Ethanol Combustion Mechanisms

In recent years, detailed ethanol combustion mecha-
nisms were published by Kathrotia [2] (63 species/420
reactions, with NOx chemistry), Konnov [3] (129/1231,
developed for C2/C3 hydrocarbons and oxygenates),
Leplat et al. [4] (60/397), Marinov [5] (57/383), Her-
zler and Naumann [6] (64/399, “RD mech”), the San
Diego group [7] (50/244, optionally with NOx), Sax-
ena and Williams [9] (59/288, with NOx), and the
Zaragoza group [10] (79/536, with NOx). Röhl and
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Table III Comparison of Error Function Values by Experiment Type and Overall between 13 Recently Published
Mechanisms, the Initial Mechanism for Optimization (see the text), and the New Optimized Mechanism. Solver
Packages Used for the Simulations: Not Bracketed: CHEMKIN-II [163], Square Brackets: OpenSMOKE [164], Round
Brackets: FlameMaster [165]. The Last Column Containing Overall Results Was Calculated from the Three Preceding
Ones. The Corresponding Number of Data Sets and Data Points for Each Column Are Denoted below the Double Solid
Line.

Mechanism ID Reference Ignition Delay Times Laminar Burning Velocities Major Species Profilesa Overall

Kathrotia-2011b [2] 249.6 (14.3) 21.6 (66.8)
Konnov-2009 [3] 97.9 [10.7] 48.4 [35.8]
Leplat-2011 [4] 39.6 6.2 7.9 13.3
Marinov-1999 [5] 64.4 7.8 8.3 19.4
RDmech-2009 [6] 60.5 34.8 33.9 39.9
RöhlPeters-2009 [8] 61.8 8.0 8.1 19.0
SanDiego-2014 [7] 34.2 22.3 21.0 24.5
SaxenaWilliams-2007 [9] 49.9 17.8 11.5 23.1
Zaragoza-2011 [10] 47.3 No transport data 9.5 –
Aramco1.3–2013 [11] (11.6) (8.5) (23.9) (9.1)
Mittal-2014 [12] (16.1) (6.4) (6.8) (8.6)
DagautTogbé-2012 [13] 46.2 [10.4] 6.7 [17.0]
Johnson-2009 [14] 36.0 No transport data 7.4 –
Ogura-2007 [15] 75.7 No transport data 6.5 –
UCL44f-2013 [16] 56.1 – 10.2 –
ZhongZheng-2013c [17] 100.9 7.7 34.9 32.0
Initial mechanism This work 41.2 10.0 10.7 16.5
Optimized mechanism This work 12.7 3.9 9.1 6.7
Number of data sets 42 124 40 206
Number of data points 464 1,011 10,873 12,348

aMajor species are C2H5OH, O2, CO, CO2, H2, H2O, CH4, C2H2, m/z = 28 (i.e., a superposition of CO and C2H4) [53], and C2Hn [95].
b /cFor flame simulations, all species with �4 C (b) atoms or �6C atoms (c) were removed from the mechanisms, together with all reactions

in which they participate.
–Some simulation results could not be obtained or transport data were not available. In this case, overall results were not calculated.

Peters [8] 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. [11] (124/766), with an update for
ethanol by Mittal et al. [12] (113/710). Larger mech-
anisms also tested against ethanol data and used for
comparison in the present work were published by
the Johnson et al. [14] (propanol), UCL group [16]
(benzene), Dagaut and Togbé [13], Ogura et al. [15],
and Zhong and Zheng [17] (all iso-octane). For easier
referencing, mechanism identifiers such as “Kathrotia-
2011” for the mechanism of Kathrotia [2] will be used
from this point onwards (see Table III for a list of these
identifiers).

Inert species Kr and Ne were added to all mecha-
nisms, assuming unit third body collision efficiencies
for all low-pressure reactions. Similarly, Ar was added
to the Marinov-1999 and RöhlPeters-2009 mecha-
nisms. In the DagautTogbé-2012 mechanism, different
reaction rate coefficients were included for a subset of
reactions depending on the pressure level (1/2/3/5/10

atm). The set of rate parameters was chosen which
matched the pressure in an individual experiment the
closest on a logarithmic scale.

No transport data were published alongside with
the Zaragoza-2011, Johnson-2009, and Ogura-2007
mechanisms, which is why we did not include these
mechanisms in the comparison with respect to lam-
inar burning velocities. CHEMKIN-II PREMIX cal-
culations using the Kathrotia-2011, Konnov-2009,
DagautTogbé-2012, and UCL44f-2013 mechanisms
did not provide converged solutions for all conditions
at which laminar burning velocities were measured.
To allow for a comparison of these mechanisms with
respect to laminar burning velocities, additional simu-
lations were performed with the OpenSMOKE [164]
and FlameMaster [165] solvers. As FlameMaster sup-
ports the PLOG formalism, it was also used for all
simulations with the Aramco1.3–2013 and Mittal-
2014 mechanisms. While the agreement between
CHEMKIN-II and FlameMaster in the results of zero-
dimensional simulations is excellent, some discrepan-
cies (up to a few cm/s) were observed between the
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laminar burning velocity results using the three differ-
ent solvers.

Table III shows the average error function values
for all tested mechanisms, overall and for each type
of data separately. Owing to the fact that Eq. (1) is a
sum-of-square function, it is intuitive that a lower value
represents a better agreement between simulations and
measurements. An ideal E value of 1 would mean that
a mechanism is able to describe all experimental data
perfectly, and the remaining discrepancy is only due to
the standard deviation of the data.

It can be seen that compared to the original
SaxenaWilliams-2007 and the initial mechanism, the
overall value of the objective function decreased signif-
icantly as a result of the optimization. Also, the descrip-
tion of the experimental data improved in all three cat-
egories separately. Regarding the accuracy for ignition
delay times, the new optimized mechanism is almost at
par with the Aramco1.3–2013, and more accurate than
its successor, the Mittal-2014 mechanism. For con-
centration profiles, particularly those of species C2H2,
some discrepancies in the description of experimental
data remain, as the corresponding E values indicate
(see Table G in the Supporting Information). However,
the optimized mechanism still performs much better
than most other kinetic scheme tested and is among
the best mechanisms overall in this category. The ma-
jor strength of the newly optimized mechanism is its
improved accuracy in one-dimensional flame simula-
tions, in which it performs better than any other mech-
anism tested. Comparisons of experimental data with
simulation results using different mechanisms for the
three different types of measurement data can be found
in Figs. S3–S5 of the Supporting Information.

The average error function value of the optimized
mechanism is well below the threshold value of
E = 9. This means that, on average, the data can be
described well within a 3σ uncertainty. Overall, the
mechanism presented in this work is the best mecha-
nism in the present comparison. The optimized mech-
anism together with the utilized transport data file in
CHEMKIN format and the covariance matrix of the
Arrhenius parameters can be found in the Supporting
Information.

SUMMARY

An optimization of a detailed ethanol combustion
mechanism starting from an updated version of the ki-
netic scheme of Saxena and Williams [9] was described
in the present article. A large amount of experimental
data was collected from the literature, including igni-
tion delay times, laminar burning velocities, concentra-

tion profile measurements, direct measurements, and
theoretical calculations of rate coefficients. As a result
of a local sensitivity analysis, 54 Arrhenius parameters
of 16 elementary reactions were selected for optimiza-
tion. All available direct measurements and theoreti-
cal determinations related to these reactions were used
to outline the temperature-dependent prior uncertainty
domain of the rate coefficients. The procedure provided
optimized values for all rate parameters as well as pos-
terior uncertainty bands for the rate coefficients. The
performance of the optimized mechanism was com-
pared with those of several published mechanisms. A
key result of this work is that the optimized mecha-
nism not only provides the overall best description of
the currently available indirect experimental data, but
also features optimized rate parameters that are con-
sistent with the respective direct measurements and
theoretical results. We consider the optimized mecha-
nism to be a new benchmark for ethanol combustion
simulations and a very suitable starting point for a
subsequent mechanism reduction and applications in
which the size of a chemical mechanism is crucial,
including Computational fluid dynamics (CFD).
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T.; Szabó, B. T.; Sedyó, I.; Kiss, P. T.; Zempléni, A.;
Curran, H. J. Int J Chem Kinet 2012, 44, 284–302.

47. Sarathy, S. M.; Oßwald, P.; Hansen, N.; Kohse-
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Höinghaus, K. Combust Flame 2007, 150, 220–231.

100. Wang, J.; Struckmeier, U.; Yang, B.; Cool, T. A.; Os-
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