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The race to reduce pollutant emissions from hydrocarbon combustion while simultaneously increasing fuel efficiency and optimizing engine performance calls for the use
of numerical simulations in parallel with, or in lieu of, expensive and time-consuming
experiments. To explore the efficacy of emerging alternative fuels and additives in
numerical simulations and to predict the effects of the fuel description on emissions,
the fuel should be treated as one of the optimization parameters. This necessitates
an accurate and detailed description of the fuel and its breakdown, as combustion
kinetics are exceedingly dependent on fuel constituents. However, the combustion of
even a single fuel component can involve hundreds of species and thousands of reactions, requiring prohibitively high CPU times for realistic simulations of complex
fuels with detailed chemistry. An advantageous strategy to combat this difficulty is
to employ reduced-order modeling by replacing the realistic fuel blend with a simplified description called a surrogate, in tandem with reducing the chemical kinetic
mechanism. In recent years, a component library framework has been proposed to
facilitate the creation of reduced-order models for practical applications. The idea is
that chemical models for single-component fuels can be reduced separately and combined at-will to represent any surrogate blend of interest. However, this approach
fails when individual fuel molecules have significant non-linear interactions with one

another during combustion, or when the prediction of pollutant formation is of interest, since the kinetics involved strongly depend on the details of the multi-component
fuel mixture.
In this work, two new strategies are presented to automatically facilitate the
generation of compact, reduced-order models for multi-component fuels. The first
addresses the drawbacks of the component library framework by efficiently allowing
for the automatic creation of reduced fuel component oxidation mechanisms and the
addition of secondary pathways of interest onto existing component library modules,
directly at the reduced level. The second generates a compact description of multicomponent fuel decomposition chemistry, significantly reducing the computational
cost of simulating fuels with numerous constituents. Reduced-order models created
with these techniques are shown to reproduce the behavior of detailed kinetic models
reasonably well. Subsequent studies leverage the strategies presented here to produce reduced kinetic mechanisms for multi-component fuel chemistry. A preliminary
analysis highlights relevant combustion regimes and useful canonical problems to
consider when reducing models for turbulent combustion applications. Results from
this analysis are used to guide the creation of a compact reduced-order model for jet
fuel.
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CHAPTER 1
INTRODUCTION

1.1

Motivation and Background

Energy has long played a pivotal role in the development of human society, with a
drastic increase in global energy demand since the Industrial Revolution [22]. In 2018
alone, energy use increased globally by 2.3% compared to the previous year, yielding
a net 74% increase in consumption from 2011 [23]. Industrial sectors dependent on
continued access to energy include agriculture, information technology, health care,
transportation, and many more. Currently, 80% of these global energy needs are met
with fossil fuel combustion [23].
However, the by-products of fossil fuel combustion include a myriad of pollutants
and greenhouse gases (GHGs), which have been found to have significant detrimental
effects on the environment, climate, and health [24–30]. Key pollutants produced
from fossil fuel combustion include:

• Sulfur dioxide (SO2 ), which is a toxic gas and a precursor to sulfate aerosols.
SO2 is primarily produced through the combustion of fossil fuels that contain
trace amounts of sulfur, primarily coal and heavy oils [31]. In the atmosphere,
sulfur dioxide can easily react to form sulfuric acid, H2 SO4 , which falls as acid
rain [32]. Inhalation of this gas, even over periods as short as 5 minutes, has
been linked to adverse respiratory effects [33], with longer exposure linked to
1

increased pulmonary disease and mortality [34, 35]. SO2 emission levels are
typically a function of the amount of sulfur in the fuel.
• Oxides of nitrogen (NOx ), a classification of chemical compounds which commonly refer to the gaseous pollutants NO and NO2 . NOx are primarily created
when molecules containing nitrogen and oxygen react at high temperature conditions. Nitrogen oxides react with volatile organic compounds (VOCs) and
sunlight to create photo-chemical smog, create toxic ground-level ozone, are
precursors to fine particle matter, and can be oxidized to form nitric acid,
HNO3 , which can cause acid rain [36]. Human exposure to NOx has been
linked to damage of lung tissues and an increased susceptibility to respiratory
infections such as bronchitis and pneumonia [37]. One study found that in
2015, NOx emissions from diesel vehicles were associated with almost 40,000
premature deaths on a global scale [38].
• Particle matter (PM), a general term for all air-born microscopic solid or liquid combustion particulates. PM includes unburnt hydrocarbons and soot,
which forms when certain products of fuel decomposition and combustion such
as polycyclic aromatic hydrocarbons (PAH) condense into nuclei, then collide
and agglomerate into particles. PM with a diameter below 2.5µm (PM2.5 )
is classified as fine, and PM with a diameter below 10µm (PM10 ) is classified as heavy. Both classifications of particle matter can be inhaled and are
detrimental to human health, but fine particle matter is an especially significant hazard as it can travel long distances and penetrate deep into the lungs,
thereby leading to cardiovascular disease, heart attacks, respiratory problems,
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and lung cancer [39]. In 2013 alone, PM2.5 was estimated to cause premature
mortality in over 1.3 million adults in China [40]. An extended investigation
of six cities in the United States found that life expectancy was reduced by
2 years on average in people who lived in cities with elevated levels of inhalable particle matter (46.5µg/m3 ), compared to people who lived in cities with
a lower level of inhalable PM (18.2µg/m3 ) [24]. For comparison, eradication
of all cancer in the United States would result in a similar 2-year change in
average life expectancy [41]. As of 2003, over 50% of the global emissions of
PM2.5 are due to anthropogenic activity, most of which is derived from fossil
fuel combustion [42].
• Carbon Monoxide (CO), an extremely toxic gas created during incomplete
combustion of hydrocarbon fuels. To provide more context regarding its toxicity, CO causes the largest number of fatal poisonings annually in the U.S. [43].
Currently, half of the carbon monoxide in the atmosphere has been produced
by fossil fuel and biomass combustion [44].
• Carbon dioxide (CO2 ). Considering the total mass of carbon dioxide emissions, this is possibly the most important waste product of this era, with
anthropogenic carbon dioxide emissions adding 228GtC, or giga-tons of carbon, to the atmosphere and 304GtC to the oceans between the pre-industrial
times of the 1750s and 2011. Over 65% of these emissions were a direct result
of fossil fuel combustion (the remainder are primarily attributed to deforestation) [44]. As of 2017, the atmospheric concentration of CO2 exceeded 405ppm,
35% higher than the concentration at any point in the past 800,000 years, and
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over 45% higher than pre-industrial levels [45, 46]. Because carbon dioxide is
a greenhouse gas, increases in CO2 are linked with increases in average global
temperatures. According to the 5th IPCC report [47], even with an aggressive CO2 mitigation strategy where emissions peak by 2020, an approximate
1◦ C increase in temperature by 2100 is likely compared to late-20th century
averages. Without reductions in CO2 emissions during the 21st century, average temperatures could increase by 4.8◦ C by 2100. Other potential effects
of increasing CO2 include permafrost and glacier melt, sea level rise, ocean
acidification, increases in extreme conditions such as flooding and drought,
and an increased intensity of hurricanes [48, 49]. Furthermore, increasing temperatures and climactic fluctuations have been strongly linked to decreases in
social stability and decreasing levels of food security, particularly in developing
countries [50–52].

To mitigate the detrimental effects caused by these fossil fuel by-products, multiple standards have been set in place to curb emissions. For instance, in the United
States, the Clean Air Act of 1990 led to a substantial reduction in the production
of PM, which the U.S. EPA estimates will have prevented over 230,000 premature
deaths between 1990 and 2020. In 2012, increasingly stringent corporate average fuel
economy (CAFE) standards were set to push the fuel economy of light-duty vehicles
towards 54.5mpg by 2025.
Due in large part to state and federal incentives and the aforementioned increasingly stringent emissions standards, renewable energy usage has more than doubled
4

between 2000 and 2017 in the U.S., as can be seen in Figure 1.1. However, much
of the increased usage of renewables has been concentrated in the electrical power
generation industry, to displace coal combustion. As of 2017, the transportation
industry contributes to approximately 29% of the total energy consumption in the
U.S., and 72% of the total petroleum usage, as shown in Figure 1.2. While there
have been efforts to transition toward lower-emissions hybrid and electric vehicles
in the light duty fleet, heavy duty freight vehicles and aircraft remain dependent
on hydrocarbon combustion due to the high energy density of these fuels, which
facilitates long-distance travel. As a result, current predictions place the internal
combustion engine at the center of the transportation industry for at least the next
30-50 years [53].
An analysis performed for the Transportation Energy Futures (TEF) project in
2013 revealed that there is no single solution for reducing transportation energy
consumption and emissions [54]. Instead, a multi-dimensional approach is needed,
targeting reduced vehicle use and service demand, new engine technologies, and new
alternative fuel blends. These three strategies will be expanded on in the following
paragraphs.
Reducing vehicle use (service demand). Service demand can be reduced
through infrastructural changes and smarter land use to decrease vehicle trip length
while encouraging walking, biking, and increased transit use, and by shifting the
type (mode) of vehicles utilized for freight. This strategy will not be addressed in
this work.
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Figure 1.1: Relative U.S. Energy Consumption by source between 1776 and 2017.
Reproduced from the U.S. Energy Information Administration (EIA) [8].
Developing more efficient and cleaner engine technologies. With respect
to reducing fossil fuel consumption and limiting emissions, the future of gasolinepowered automotives looks bright. Emerging technologies such as variable intake
and exhaust valve actuation in internal combustion engines have demonstrated significant potential to further improve fuel economy and thermal efficiency, compared
to existing engines [55]. Shifts in operating regimes can additionally offer improvements in efficiency and reduction of emissions. For instance, homogeneous charge
compression ignition (HCCI) engines inject fuel during the intake stroke, then com-
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Figure 1.2: 2017 U.S. Energy consumption, by source and sector. Reproduced from
the U.S. Energy Information Administration (EIA) [8].
press the pre-mixed fuel and air mixture until it ignites. These engines typically
operate at fuel-lean conditions, leading to high efficiency and diesel-like compression
ratios compared to conventional spark ignition (SI) engines, and decreased soot production compared to typical diesel engines. Temperatures are also lower than typical
SI engines, leading to lower thermal losses and decreased NOx production. As an
additional benefit, HCCI engines can work with a variety of fuels such as gasoline and
diesel. Unfortunately, such technologies are not yet ready for full deployment as they
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still face significant challenges. For example, auto-ignition during the compression
stroke is difficult to control, as is ensuring complete combustion so that pollutants
such as CO are not produced, especially as new fuel blends enter the market
Developing new alternative fuel blends. Typically, transportation fuels are
derived from fossil fuels, which have a finite and ever-diminishing supply, and also
produce significant pollution. Electrification is seen as as a potential future for the
automotive industry, but current infrastructure is not immediately suited to a large
fleet of electric vehicles, and electrification is not easily achievable for heavy-duty
vehicles and aircraft. In the interim, diversification of fuels to include renewable
alternatives such as bio-fuels is seen as one of the best paths forward. Dozens of
alternative fuels for use in diesel, jet, and gasoline engines have been proposed [56–
58], and additives such as bio-diesel and ethanol have already been integrated into
commercial fuel blends.
As we explore and assess the behavior of these emerging fuel blends, new engine
technologies, and evolving operating regimes, an accurate and detailed description of
fuel breakdown and combustion is vital, because phenomena of interest (e.g., ignition,
engine knocking, pollutant formation) are often the results of complex interactions
between chemical kinetics, heat transfer, and complex fluid dynamics. Furthermore,
because experiments are often time-intensive and costly, industry increasingly relies
on numerical simulations of combustion systems to provide a predictive computational design framework to complement and accelerate experimental campaigns.
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1.2

Challenges in Simulating Realistic Fuel Combustion

A clear trend is emerging towards the use of detailed chemistry in predictive computational fluid dynamics (CFD) simulations of practical combustion devices such
as internal combustion (IC) engines, boilers, and turbines [59]. Simulations with
detailed chemistry can offer unique insights into the effects of fuel composition on
engine efficiency and pollutant formation for conditions spanning the range of combustion regimes found in industrial settings.
However, using detailed chemistry in CFD is associated with prohibitively high
CPU costs due to the large number of coupled, stiff conservation equations that
need to be solved, one for each species involved in the corresponding kinetic mechanism. That number of species and reactions in a detailed kinetic mechanism increases
dramatically with the molecule size and number of components included in the hydrocarbon fuel description, as shown in Figure 1.3, with a recently constructed comprehensive mechanism for 2-methyl alkanes containing approximately 7200 species
and 31400 reactions [60]. Furthermore, because fossil fuels often consist of a large
assortment of molecular components, and feed-stocks can vary greatly in composition, an exact description of realistic fossil fuel chemistry in a detailed mechanism is
currently unattainable.
Despite advances in computational power in the past few decades, a significant
disparity still exists between the size of detailed models and those that can be used in
computational fluid dynamics (CFD) applications. Chemistry reduction techniques
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Figure 1.3: Number of species and reactions in kinetic mechanisms for various fuels,
along with the years in which the mechanisms were compiled. Reproduced from
Egolfopoulos et al. [9]
and simplifying assumptions are therefore essential in generating accurate, yet computationally affordable reduced-order kinetic models for realistic fuels that can be
used in practical CFD applications.

1.3

Traditional Approaches for Generating Reduced-Order
Models for Realistic, Multi-Component Fuels

Typical transportation fuels such as kerosene, gasoline, and diesel are composite
mixtures of hundreds or thousands of components, typically with a wide range of
10

carbon numbers and varying chemical structures. However, representing oxidation
of that many components in a series of reaction steps within a detailed kinetic mechanism is rather difficult. Therefore, a significant amount of previous research has
focused on single-component fuel combustion, substituting fuels such as n-heptane
or methane in place of realistic fuel blends. With the introduction of surrogate fuels,
simple mixtures containing a limited number of fuel components which are formulated to have physical or chemical properties similar to those of a realistic fuel, we are
able to emulate the behaviors and combustion performance of real multi-component
transportation fuels in previously unattainable ways.
Another well-known technique to lessen the computational cost associated with
the chemistry description is to reduce the complexity of detailed kinetic mechanisms
by reducing the number of species and reactions involved. This is typically an efficient solution because detailed mechanisms are assembled to be comprehensive and
applicable over wide ranges of conditions [61], and often contain pathways that are
overall negligible or that do not influence the dynamics of the chemical system in
any significant way for the conditions of interest of the end-user. Reduced models
can then, in theory, be used in lieu of detailed mechanisms to reduce CFD simulation
run-time without sacrificing accuracy.
The following sections provide more detailed information about both of these
strategies, as well as a straightforward approach for generating reduced-order models for multi-component fuels,the so-called component library framework. With this
approach, fuel surrogates of various compositions can be proposed and reduced ki-
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netic mechanisms for them can be constructed efficiently using pre-reduced kinetic
mechanisms contained in a component library.

1.3.1

Simplified Fuel Description

Transportation fuels such as gasoline, diesel, and jet fuel are formulated specifically
for use in internal combustion spark ignition engines, internal combustion compression ignition (diesel) engines, and gas turbines (jet engines), respectively, and it is
generally inadvisable to use a fuel formulated for a certain type of engine for an alternate type of engine. For instance, using diesel in a spark-ignition engine can cause
undesirable ignition of the fuel mixture prior to the main spark ignition, yielding
potentially damaging pressure increases, a process known as knocking. Therefore,
simplified fuel descriptions, or surrogates, should be devised to reproduce the behavior of the transportation fuel tied to the specific combustor and application of
interest.
Surrogates are formulated by choosing a finite number of fuel components, and
evaluating the relative amounts of each of these components to match desired properties of the transportation fuel. Violi et. al. [62] outlined several important considerations for formulating a surrogate to employ in combustion simulations:

• Availability. A well-validated kinetic mechanism should be available for each
component.
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• Simplicity. The surrogate should have a limited number of simple components, so that the combined kinetic mechanism containing every component is
not overly large.
• Similarity to the fuel of interest. The surrogate should be formulated to
match target properties of the real fuel that represent important combustion
phenomena.
• Cost.

To validate the surrogate mixture experimentally, the components

should be available at a reasonable cost.

While the choice of surrogate components can be highly subjective, components
that adhere to these considerations are often chosen so as to match molecular classes
of the fuel of interest [4, 20, 63]. By doing so, the surrogate fuel has a similar
chemical makeup and likely has similar combustion behavior compared to the real
fuel. Furthermore, if components are selected based on molecular class, the surrogate
composition can be altered to explore the effects of varied compositions in the real
fuel [62].
An overview of the dominant hydrocarbon classes and the amount of each class
by volume in gasoline, diesel, and Jet-A (a jet fuel commonly used in commercial
applications) is provided in Table 1.1. The notable variations in the relative ratios
of molecular classes are due to a myriad of factors influencing feed-stocks, including
where the fuel is extracted from, refining processes, and the age of the fuel.
Summaries of frequently selected components for transportation fuel surrogates
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Hydrocarbon class
Linear and branched alkanes (paraffins)
Cyclic alkanes (naphthenes)
Alkenes (olefins)
Aromatics (arenes)

Gasoline (vol %)
33 - 79
2 - 10
1 - 18
10 - 45

Jet-A (vol %)
55.2
25.6
<19.2

Diesel (wt %)
25 - 50
20 - 40
15 - 40

Table 1.1: Approximate values and ranges for hydrocarbon classes by volume and
weight % in transportation fuels. Gasoline data is taken from [1], data for an “average" jet-A blend is from [2], and diesel from [3].
are provided in [1–3]. Common selections for gasoline include n-heptane, iso-octane,
and toluene. n-decane or n-dodecane are often selected to represent linear alkanes
for jet fuels, while components selected to match other classes have varied widely [6,
62, 64]. A summary of recent diesel surrogates is available in [65], but there is no
clear consensus regarding optimal components to represent diesel. One reason for
this is because diesel has species with larger carbon numbers (between C10 and C22 )
compared to gasoline and jet fuel, and progress is still needed in developing and
validating kinetic mechanisms for higher-carbon-number species.
As mentioned above, once surrogate components are selected, the relative
amounts of each of the components are evaluated so that the surrogate matches
certain target properties of the real fuel as closely as possible. These properties
are commonly classified as physical properties, which represent physical attributes
such as density, viscosity, heat capacity, thermal conductivity, and surface tension,
or as chemical properties, such as ignition delay time, flame speed, extinction, and
pollutant formation [66].
Frequently selected combustion target properties include the H/C ratio, the av-
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erage ratio of hydrogen to carbon atoms in the fuel and a good indicator of the fuel
energy content, the threshold sooting index (TSI), a common measure of the sooting
tendency of the fuel, and the fuel molecular weight [20]. An additional target often
used to represent the ability of diesel fuel to auto-ignite upon compression is the
cetane number, while the octane number is typically used as a target for gasoline
surrogates as it represents the ability of the fuel to resist unwanted auto-ignition. The
distillation curve, a measure of fuel volatility, has also been employed as a target for
modeling fuel sprays and evaporation behavior [4].
Several different approaches for computing surrogate compositions have been devised. Perhaps the most common method is to use linear combinations of neat
surrogate component target properties to compute target values for the bulk mixture, and apply constrained optimization to identify the composition which results
in the smallest error between the mixture target values and the properties of the real
fuel [4, 67]. A more recent approach suggested in [66] is to select the surrogate composition by matching functional groups of atoms in the fuel, rather than explicitly
matching physical or chemical targets. Another method proposed in [7] formulates
surrogates by minimizing the error between results obtained from canonical combustion simulations using prospective surrogate compositions and predictions made in
experiments.
As a final note, recent years have seen increased use of bio-derived fuels as transportation fuel additives to both reduce emissions and decrease our dependency on
declining reserves of fossil fuels. For instance, ethanol is often added to commercial
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gasoline blends to reduce CO emissions and knocking [68], and bio-diesel has shown
significant potential as a diesel additive or replacement, although it has been found
to increase NOx emissions [69]. To test the behavior of bio-fuels in combustion systems, surrogates should be formulated with components to represent these additives
as well as the base petroleum-derived fuel.

1.3.2

Mechanism Reduction Techniques

Detailed kinetic mechanisms contain the chemical information necessary to accurately model a reacting system: a list of elementary reactions along with their
rate constants, and thermochemical and transportation parameters for the chemical
species involved in the reactions. These mechanisms are constructed to be comprehensive, in other words, able to describe combustion phenomena in as complete a
manner as possible [70].
Because CFD simulations of realistic engines encounter a range of physical conditions, a comprehensive detailed mechanism should be able to simulate the oxidation
of a fuel at various temperatures, pressures, and chemical compositions. To do so,
all relevant reaction pathways for these conditions must be present [10], as dominant
pathways are highly dependent on the local thermochemical state, and competing
pathways can have a significant influence on combustion phenomena.
For instance, consider oxidation of a simple n-alkane fuel, which we will label
RH, with dominant pathways shown in Figure 1.4.
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Figure 1.4: Dominant oxidation pathways of an n-alkane fuel, RH. Reproduced from
Curran et al. [10]
RH initially decomposes through uni-molecular and H-abstraction reactions to
form an alkyl radical, Ṙ [10, 67]. At high temperatures (typically above 1200K),
RH and Ṙ break apart through β-scission reactions to form small molecules and
radicals (H2 /O2 , C1 -C2 species), which drive ignition. At lower temperatures, the
energy barrier of these β-scission pathways is too high to be favored. Instead, the
lower energy path of O2 addition to Ṙ is preferred, to form RȮ2 , alkyl-peroxy radicals which isomerize to form hydroperoxyl-alkyl radicals, Q̇OOH. Q̇OOH undergoes oxygen addition, and several steps later, chain-branching pathways from the
decomposition of HO2 Q̇OOH form radicals responsible for two-stage auto-ignition.
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At intermediate temperatures, competition between the low-temperature pathways
which consume Q̇OOH and β-scission of alkyl radicals result in non-monotonic ignition behavior known as the negative temperature coefficient (NTC) regime [71].
Over this intermediate temperature range, ignition delay times computed for homogeneous mixtures increase when the temperature increases, in direct contrast to
ignition delay behavior at low and high temperatures.
Detailed kinetic mechanisms contain reactions deemed to be thermo-chemically
reasonable, and are often quite general. As a result, detailed mechanisms often
contain a significant number of redundant, or unnecessary, species and reactions for
a given application, particularly if a user only needs the mechanism to be valid for a
limited set of conditions [72]. Because detailed mechanisms can contain up to tens
of thousands of species, identifying and removing redundant species and reactions
manually is very challenging. Automatic tools therefore provide a simple, efficient
means of reducing mechanisms to be small enough for use in CFD simulations.
Summaries of existing automatic mechanism reduction methods are available
in [70] and [73]. This work will focus on two specific classes of reduction techniques. The first is skeletal reduction, which eliminates unimportant species and
reactions. Examples include sensitivity analysis (SA) [74], principle component analysis (PCA) [75], path flux analysis [76], simulation error minimization connectivity
method (SEM-CM) [72], optimization [77, 78], genetic algorithm [79], and graph relation methods such as DRG [80], DRG-EP [81], and DRGASA [82]. The second
grouping of reduction techniques that will be emphasized here is lumping, which
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can be applied to species or reactions. Species lumping involves replacing groups of
isomers or species with similar functional groups with a single representative species,
thereby reducing the number of species in the mechanism. Reaction lumping can
serve to both eliminate reactions and to remove fast timescales from the system,
decreasing stiffness and accelerating calculations. A comprehensive review of lumping strategies is available in [73]. Often, several mechanism reduction techniques are
applied in tandem to exploit the benefits of each [67].
Automatic reduction is typically governed by pre-identified target features that
the reduced mechanism should reproduce within some allowable error level. These
target features can include chemical species concentration profiles or global combustion observables such as flame speeds, ignition delay times, and flame extinction,
and can be obtained from carefully designed experiments or from simulations performed with the detailed mechanism. As one might expect, target features and
conditions used to inform mechanism reduction can have a significant influence on
the contents of a reduced model. For instance, in Niemeyer et al. [83], reduction of
a detailed mechanism was performed for a three-component gasoline surrogate containing toluene, n-heptane, and iso-octane. It was found that reduced mechanisms
derived for the fuel mixture could not universally predict the combustion behavior of
the neat surrogate components, whereas reduced mechanisms derived for neat components predicted the combustion behavior of the mixture poorly when they were
re-combined. Therefore, variables used to inform reduction should be judiciously
selected when generating a reduced model for a given application.

19

1.3.3

Component Library Framework

With the introduction of the component library approach in [67] and [64], the selection of surrogate components and the generation of reduced models are merged into
an efficient, streamlined process. Using this approach, a user can mix and match
pre-reduced mechanisms for neat fuel components, contained in the so-called component library, into a single skeletal mechanism for a desired surrogate, allowing the
combustion behavior of newly proposed fuel blends to be easily assessed. Previous
applications of this strategy have resulted in reduced kinetic mechanisms for jet fuel,
gasoline, and diesel surrogates [64, 81, 84], which have been validated extensively
against experimental data.
However, in order to easily combine pre-reduced mechanisms for neat fuel components, this approach assumes that fuel molecules interact exclusively at the level of
small hydrocarbons and radicals contained in a common base mechanism, an assumption that mostly relies on steric factors. This is not always the case: for instance,
simple zero-dimensional simulations can show that iso-octane and n-heptane interact
in a non-negligible manner through cross reactions between the fuel components and
directly related radicals. Elimination of these reactions has been found to significantly alter the reactivity of the simulated fuel mixture at temperatures within the
NTC region [83]. Similarly, it is difficult to construct versatile reduced component
library modules for pollutants such as nitrogen oxides (NOx) where emissions levels
are dependent on the composition of the radicals produced by the fuel [85].
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1.4

Contributions of this Work

The primary contributions of this work are two new algorithms proposed to complement the component library framework, and provide automatic and efficient means
of generating increasingly compact reduced kinetic mechanisms for a realistic, multicomponent fuel description.
As previously mentioned, the component library approach fails when individual
fuel molecules have significant non-linear interactions with one another during combustion, or when the prediction of pollutant formation is of interest, since the kinetics
involved strongly depend on the details of the multi-component fuel mixture. Adding
these kinetics or extending existing pre-reduced component library mechanisms to
be valid at different combustion regimes requires the entire reduction process to be
performed anew, starting from a detailed model. This defeats the idea behind the
component library: that previously developed reduced models should be re-used to
rapidly assess the efficacy of new fuel blends. The first new algorithm is therefore
proposed to enhance the flexibility of the component library framework by allowing
for the automatic addition, directly at the reduced level, of supplemental fuel component oxidation models or secondary pathways of interest. A key strength of the
methodology is the fact that it relies on, but never directly solves for, the detailed
kinetic description of the processes of interest.
If a reduced mechanism is generated for a multi-component fuel surrogate using
the component library approach, the combined mechanism contains distinct oxida-
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tion pathways for each fuel component, with additive pathways to describe interactions between components. For fuel surrogates with a large number of components,
this means that the combined mechanism can become quite large [86]. Therefore,
simplification of the fuel decomposition chemistry becomes an advantageous reduction strategy. The objective of the second algorithm is to replace fuel breakdown
reactions by a small set of automatically defined lumped reactions that still provide
an accurate prediction of small species mass fractions and combustion dynamics. As
presented here, this strategy is automatic, fully self-contained, and requires no expert knowledge regarding fuel decomposition pathways or information beyond what
is available in a detailed kinetic mechanism.

1.5

Outline

This thesis is divided into 5 chapters. The introduction is presented in Chapter 1,
and the conclusion in Chapter 5. Chapters 2-4 contain the following material:

• A full description of the first algorithm is available in Chapter 2, with case
studies to demonstrate the applicability of the method to the component library approach. Application of the algorithm is found to yield similar results
compared to reduction techniques informed by detailed mechanisms, while providing increased efficiency and flexibility to the end-user.
• The second algorithm is outlined and demonstrated in Chapter 3, where it
is used to automatically lump single- and multi-component high temperature
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decomposition reactions in a detailed kinetic mechanism. The accuracy of the
assumptions made to decouple and lump reactions are assessed, and simulation
timing results and mechanism sizes are displayed for mechanisms before and
after lumping and additional stages of reduction.
• Additional applications are presented in Chapter 4. These include an investigation of the influence of the canonical configuration used to generating multicomponent reduced-order models for turbulent combustion simulations and the
generation of a compact reduced-order model for a jet fuel surrogate.

The algorithms outlined in this work have been fully implemented in separate code
frameworks and have been written for easy integration with the modular reduction
software Arcane [87]. Brief user-guides for each code are featured in Appendix A.
Extended methodology for the lumping algorithm and additional results generated
with lumped models are available in Appendices B and C, respectively.
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CHAPTER 2
EFFICIENT CONSTRUCTION OF REDUCED KINETIC
MECHANISMS FOR A COMPONENT LIBRARY FRAMEWORK

Multiple reviews [70, 73, 88] provide summaries of state-of-the-art kinetic mechanism reduction approaches, showing that almost ubiquitously, reduction algorithms
take a top-down approach to generating reduced mechanisms. This type of approach
is characterized by the use of detailed simulation data to identify the least important
species and reactions, which are then progressively removed until a user-defined level
of error is reached. This error is evaluated by comparing the reduced mechanism predictions to those of the detailed one. Three key drawbacks to a standard top-down
mechanism reduction approach, where reduction is informed by a detailed kinetic
mechanism, can be identified.
The first, and most apparent, disadvantage to a top-down algorithm is linked to
the very nature of the detailed mechanisms, which often contain an extremely large
number of non-important reactions and species, and thus often yield unnecessarily
expensive simulations. For example, simply by discarding reactions with a negligible
rate of progress, the number of reactions in a kinetic mechanism for iso-octane can
be decreased by a factor of 3 (from 3606 reactions), and the number of species
reduced by a factor of 2 (from 858 species), with minimal loss in accuracy [89]. In
contrast, a bottom-up algorithm identifying the most important, rather than the least
important, species and reactions would likely not have to consider those unimportant
kinetic pathways in their entirety, potentially increasing significantly the efficiency
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of the process.
A second concern stems from the fact that reduced models, whichever way they
are generated, are strictly valid only for the conditions and configurations considered
in the reduction. To extend the range of validity of an existing reduced model
using a top-down approach, the detailed model must be reduced anew, considering
the original reduction targets as well as new targets capturing the desired extended
conditions. For instance, if a model is generated to capture only fuel oxidation,
nitrogen oxide (NOx ) chemistry will not be present in the reduced model. To predict
NOx formation, a new reduced model would need to be created that include both fuel
oxidation and nitrogen oxide formation pathways. No automatic technique could be
found in the literature that would circumvent this requirement by directly identifying
and adding to the existing reduced mechanism the set of reduced pathways pertaining
to the new targets.
The third drawback is the non-negligible amount of user expertise and sometimes
manual labor that is often needed in top-down reduction procedures. Indeed, the
majority of such algorithms require multiple stages of reduction to achieve acceptable
results. Species are often removed in a primary stage and reactions are eliminated in a
secondary stage. The near-ubiquitous focus on species reduction in existing methods
can be explained by the significant cost saving of directly reducing the dimensionality
of the system of equations. Reaction reduction, in contrast, accelerates calculations
mostly through faster chemical source term evaluations and potential fast timescale
removal. However, the decision to switch between species and reaction reduction
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techniques in a multi-stage approach remains largely empirical and driven by the
user expertise.
Among the numerous recent works in chemistry reduction, the most relevant one
may be that of Nagy and Turanyi [72], who designed a hybrid reduction algorithm
called SEM-CM, in which species were incrementally added to a reduced mechanism,
thereby emulating a bottom-up approach. However, the selection of species to include
in the reduced model still required the analysis of detailed simulations. The algorithm
produced an optimally reduced mechanism for a desired level of error, but required
nearly an order of magnitude more CPU time to complete than a typical reduction
algorithm. This is because detailed simulations only provide imperfect information
regarding the actual behavior of the reduced models, so a large database of potential
reduced mechanisms with different combinations of species and reactions had to be
created and tested before an optimal mechanism could be selected. Furthermore, an
additional, independent stage of reaction elimination was necessary after the species
identification process.
Here, a new, truly bottom-up approach to building reduced mechanisms is introduced that does not rely on detailed simulations. Instead, the proposed algorithm
progressively assembles the reduced mechanism over the course of reference simulations by appending to it individual reactions deemed necessary to properly capture
the instantaneous dynamics of the combustion system. The bottom-up approach bypasses the computational cost associated with using detailed mechanisms to inform
reduction: evaluations of reaction importance, quantified using rate-based reaction
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DRG-EP coefficients [90], are indeed performed at the reduced mechanism level.
The approach also provides a convenient framework to incrementally expand existing reduced mechanisms to span wider ranges of conditions or describe new chemical
features (such as the NOx chemistry mentioned above). The approach focuses on reactions as the unit building block and proceeds in a single stage, thereby alleviating
the need for user expertise in switching between reduction techniques.
As previously mentioned, one practical use for this algorithm is to complement
and improve the component library framework [64]. Using the component library
framework, a user can mix and match pre-reduced mechanisms for fuel components
into a single skeletal parent mechanism for a desired fuel blend. This enables the
combustion behavior of new alternative fuels and fuel additives to be easily assessed.
However, in order to use pre-reduced mechanisms, fuels are assumed to interact
exclusively at the level of small hydrocarbons and radicals, using C0 -C4 chemistry
common to all pre-reduced mechanisms. This is not always the case. For instance,
iso-octane and n-heptane interact through cross reactions between the fuel components within the negative temperature coefficient (NTC) regime. Reduction of each
of the mechanisms independently as is done for the component library eliminates
these interactions, significantly altering the reactivity of the fuel mixture [83]. Using the algorithm presented here, cross reactions can be conveniently identified and
added to reduced component library modules as needed.
Another application for this method is to prune the size of detailed models constructed on-the-fly with mechanism generation tools such as RMG [91, 92]. Reducing
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memory requirements as well as the run-time of simulations to build detailed kinetic
mechanisms can lead to the construction of larger high-fidelity detailed models. In
Han et al.[93], it was found that neglecting unimportant species lowers memory requirements for building a detailed kinetic mechanism by a factor of 4, increasing the
number of species able to be considered from approximately 200 to over 500 in an
n-heptane mechanism. If unimportant reactions were also identified and disregarded,
performance could be further improved.
In the following sections, this novel reduction framework is described in detail.
Definitions and notations are first outlined in Section 2.1, followed by an overview of
the algorithm in Section 2.2. Additional details on the selection of appropriate reactions to add to the reduced model being assembled are provided in Section 2.3, and a
description of the data sampling approach is presented in Section 2.4. The properties
and performance of the reduced mechanism building algorithm are analyzed through
three case studies:
1. The assembly of a reduced methane oxidation mechanism.
2. The independent addition of nitrogen oxide chemistry to the reduced methane
oxidation mechanism obtained in 1.
3. The comparison between a small starting chemical mechanism (methane, tens
of species) and a larger one (heptane, hundreds of species).

The open-source chemistry solver Cantera [94] is used for all simulations. A single
canonical problem featuring a 0D isochor reactor configuration is used to generate all
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reduced models featured in this chapter, although the algorithm has also been tested
and implemented in other configurations available within the Cantera framework,
such as 1D premixed flames. Applications featuring additional configurations are
discussed in Chapter 4.

2.1

Definitions and Notations

To build and validate the reduced model, we consider a state Φ(t), which evolves
over time t according to a homogeneous isochoric reactor configuration. This state
is expressed as Φ(t) = {T, P, Y }, where T is temperature, P is pressure, and Y is
the mass fraction of species within the reactor.
A mechanism called the core model, denoted by MC , is the reduced model
output by the building procedure. MC consists of a set of core species, {S C }, and
core reactions, {RC }. Core species and reactions are constructed from the contents
of a seed mechanism, which contains all reactions and species that must be in the
core model by default, a set of target species used to calculate reaction importance,
and species (e.g. fuel and oxidizer) used to initialize the state.
We also define an edge model, δM+ , a kinetic mechanism composed of a set of
‘edge’ reactions directly adjacent to the core model if a detailed kinetic network was
visualized. Every reactant or every product in an edge reaction must be in the set
of core species. Edge reactions are taken from user-provided lists such as detailed
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mechanisms or known reaction families such as those available in RMG [91].
A second reduced mechanism which we will the test model, MC+ , is the extension of the core model by the edge model such that MC+ = MC + δM+ . MC+
consists of a set of test species, {S C+ }, with dimensionality nC+
S , and test reactions,
C+
{RC+ }, with dimensionality nC+
updates the state Φ, which provides rate
R . M

information necessary to identify reactions in the edge model that will be added to
the core. These reactions are said to comprise the ‘important’ subset of the edge
model, denoted by δM.
For the canonical isochor reactor configuration, construction of the reduced core
model is a time-driven process as the state evolves in time. Over a specified time
interval, the important edge model is iteratively identified and added to the core
model as MC ← MC + δM. The edge and test models are then updated according
to the contents of the new core. After all important reactions have been added to
the core for a specified interval, the time interval is advanced, and the construction
process is repeated.
To illustrate the test and core model evolution over time, consider the following
simple example. The detailed mechanism contains three reactions, r1 , r2 , and r3 . The
user selects species A as an important target to predict. The state Φ is initialized at
time t1 with a temperature, pressure, and composition. This example is depicted in
Figure 2.1.
At t1 , r1 is an edge reaction because A is in the core model. Reactions r2 and r3
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are neither edge nor core reactions because B, C, D, and E are not core species.
The state is integrated forward in time with the test model to time t2 . Edge
reaction r1 is deemed important to target A over the integrated states, and is moved
to the core model. Reactions r2 and r3 are added to edge model because reactants
A and B are in {Sc }.
The state is further integrated to time t3 . Between t2 and t3 , r3 is found to
be important, and is moved to the core model, whereas r2 is not. In this manner,
reactions are added to the core as they become influential.
Even in this simple example with a limited number of detailed reactions, the test
model, used to identify important reactions, is a reduced description compared to
the detailed model for at least a fraction of the simulation run-time. In this example,
the test model is a reduced description between times t1 and t2 .
Increasing time

Detailed Reactions
r1
r2
r3

A

B

B

Core
A

r1

Test Model

Test Model
Edge

C+D

A+B

Test Model

B

A

E

(a) Model at t1

r1

Core

Edge

Core

r2
B

r3

C+D

A

E

B

(b) Model at t2

r1
r3

Edge
B

r2

C+D

E

(c) Model at t3

Figure 2.1: A simple example illustrating the test, core, and edge model evolution
over time
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2.2

Building Algorithm

The building algorithm outlined in this section utilizes data from state Φ. Φ is
evaluated over the time interval [t, t+∆t] for the example configuration, and provides
rate information from which to select δM, which is added to the core model. A
visualization of the algorithm is presented in Figure 2.2, with details on each of the
algorithm stages as follows.

✏

Specify initial temperature,
pressure, and composition

Set targets {T }, threshold ,
(optional) starting mechanism
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Figure 2.2: Building algorithm flowchart
To initialize the building procedure, the user must specify several items:

1. The initial temperature, pressure, and composition. These are used to define the initial state Φ0 = {T0 , P0 , Y0C+ }. YC+ is the array of mass fractions
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corresponding to species in the test model.
2. A seed mechanism (optional), which includes species and reactions automatically included in the core model
3. A set of targets {T } with which to compute reaction importance
4. A threshold value ε by which to categorize edge reactions as important or
unimportant
5. A building endpoint or final state. In this work, the endpoint is set at t =
1.25τig , where τig is the time at which the state ignites.

After all necessary variables are initialized, the main building loop proceeds until
the user-defined endpoint is reached.
During the main building loop, the test model MC+ is used to integrate the state
forward in time from Φ(t) to Φ(t + ∆t). Reaction progress rates, evaluated at every
state between t and t + ∆t, are filtered over this interval. Progress rates are used to
compute DRG-EP reaction coefficients R̄ri [90] for every edge reaction i ∈ δM+ . If
there are any edge reactions such that R̄ri > ε, reaction i is part of the important
edge model δM. Once all such edge reactions are identified, δM is added to the core
model as MC ← MC + δM, then the edge and test models are updated according to
their definitions in Section. After all models are updated, the state is re-initialized to
Φ(t). Mass fractions of species newly added to the test model are set to zero in the
reinitialized state array Y C+ . This loop is iterated until δM = {}. Once δM = {},
core model growth is finished for the interval, and time is advanced as t ← t + ∆t.
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The previously described building loop, where important edge reactions are identified and added to the core over ever-advancing time intervals, is repeated until the
user-defined simulation endpoint is reached. At the end of the simulation, the core
model is the output reduced mechanism, and is valid over all states sampled during
the building process.

2.3

Important Reactions

DRG-EP coefficients as proposed by Pepiot-Desjardins and Pitsch [90] are constructed to quantify the coupling between species or reactions and user-defined targets, and have been shown to be strongly correlated with the error induced in target
predictions if the species or reactions are removed.
In this work, we use DRG-EP coefficients to select edge reactions in δM+ that
belong to the important edge model, δM. An edge reaction i is part of δM if its
DRG-EP reaction coefficient R̄ri satisfies R̄ri > ε. R̄ri is bound between 0 (in which
a core reaction can be safely ignored) and 1 (in which a reaction is strongly connected
to a target), and is defined as:
R̄ri = max (αT RT,ri ),
T ∈{T }

(2.1)

where {T } is the set of user-defined targets, αT is a scaling coefficient which reflects
the importance of the target, and RT ri is the importance of edge reaction i to a
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target T within the test model, computed as:
RT,ri = max (RT,S rS,ri ).
S∈{S C+ }

(2.2)

RT,S reflects the coupling of a species S with a target T , and rS,ri is defined as the
contribution of the ith edge reaction to species S, evaluated as:
νri ,S ωri
,
max(PS , CS )

rS,ri =

(2.3)

where νri ,S is the stoichiometric coefficient of species S in edge reaction i, ω is the net
reaction rate, and PS and CS are the production and consumption rates of species
S.
In Equation 2.2, RT,S is the importance of species S to target T within the test
model, and is computed over all paths p linking S and T as:
RT,S =

max rT S,p ,

all paths p

(2.4)

nC+
S −1

rT S,p =

Y

rsi si+1 ,

(2.5)

i=1

where s1 = T and snC+ = S. rAB is the interaction coefficient between two species
S

A and B in the test model, computed as:
rA,B =

|

PnC+
R

νi,A ωi δBi |
.
max(PA , CA )
i=1

(2.6)

δBi is a Kroenecker Delta term, which is equal to 1 if species B is in reaction i and is
otherwise 0. αT in Equation 2.1 is a scaling coefficient which describes the activity of
a target T , normalized by the maximum activity of the target for all known states:
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αT =

max

all atoms a


αa,T
 ,
max
αa,T,n

(2.7)

all states n

where αa,T is defined as the contribution of a target T to the formation of an atom
a, computed as:
αa,T =

Na,T |PT − CT |
,
Pa

(2.8)

where Na,T is the number of atoms a in target T , PT is the production rate of T , CT
is the consumption rate of T , and Pa is the total production of atom a.

2.4

Data Sampling

Production rates to compute R̄ri must be evaluated at states spanning the desired
domain of validity of the core model. It is essential to select a procedure to sample
the domain where R̄ri is easy and fast to compute, and where sufficient numerical
accuracy is achieved such that increasing the number of sampled states in a given
interval has no effect on the solution.
In the original DRG-EP algorithm [90], states were pre-computed using a detailed mechanism. Instantaneous rates corresponding to the pre-computed states
were smoothed with a top-hat filter into approximately 20 intervals in time or space,
depending on the configuration of interest. Filtering served to mitigate numerical
noise as well as reduce the number of DRG-EP coefficient evaluations to once per
interval.
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The DRG-EP sampling approach cannot be implemented here, as the simulation
end-time is not known a-priori. We instead couple the filter kernel with the number
of adaptive steps taken by the numerical integrator. The frequency and magnitude
of integrator steps are determined by local error, and the system Jacobian is reevaluated when there are difficulties in converging the solution or if the integrator
has taken a specified number of steps (typically 50) [95]. For the configuration
considered in this work, we apply a filter kernel to generate a temporal interval every
100 sampled states, where the time interval between successively sampled states is
the internal integrator time step. Rates evaluated at every state within a given
interval are smoothed with a top-hat filter, so that DRG-EP reaction coefficients are
only evaluated once per interval.
For the examples shown in this work, we find that taking between 1 and 200
steps per interval delivers reasonably consistent results with respect to core model
dimensionality and errors in target predictions. Using fewer than 10 intervals over
the course of a simulation is not recommended, as infrequent sampling diminishes
the importance of reactions acting over fast timescales.

2.5

Implementation Details

The building algorithm is implemented in Python and utilizes a new python-based
DRG-EP implementation, identical to the implementation used in the ARCANE
software package [87], which is currently in development. State and rate evaluation
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to compute the DRG-EP coefficients are performed with Cantera v2.4 [94], modified
to get and set integrator step sizes when the state is re-initialized.
To build a reduced mechanism, the user must write a short python front-end to
interface with the encapsulated code. In this interface, the user can specify initial
parameters and the simulation configurations encompassing the desired range of validity. Error evaluation and graphing modules which compare the reduced model to
data produced by the detailed mechanism or experiments are provided to streamline
post-processing.
Example input files and a walk-through aimed at guiding the user through using
both of the methods outlined here are available in Appendix A.

2.6

Case Study: Building a Reduced CH4 Mechanism

The first example considered is the generation of reduced mechanisms for methane
oxidation. We study the dimensions of built models as a function of the number
of intervals taken, and as a function of the user-defined threshold, and benchmark
results generated with the building approach against results generated with a topdown reduction using the DRG-EP algorithm. The starting detailed mechanism for
top-down reduction is GRI-MECH 3.0 [11], which also provides the list of potential
reactions for built model generation. This detailed mechanism contains 53 species
and 325 reactions, of which 35 species and 217 reactions contribute to methane
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oxidation.
Reduced models are created from a set of simulations using a constant volume reactor configuration at atmospheric pressure, with initial conditions φ0 = {0.8, 1, 1.2}
and T0 = {1200, 1600}. DRG-EP targets are CH4 , CO2 , OH, and heat release (HR).
CH4 and HR are selected to accurately depict the fuel breakdown and ignition delay
time, and OH and CO2 are selected, respectively, as a key intermediate radical and
final combustion product, as suggested in Curtis et al. [96].
We first explore convergence of models generated with the building approach, in
particular the dependence of the built model contents on the size of each interval
and on the number of intervals taken over the course of a simulation. We build a
set of reduced models where the number of integrator steps taken in each interval is
varied linearly between 1 and 500. A single reaction selection threshold ε = 0.01 is
applied. Results are shown in Figure 2.3.
In Figure 2.3a, we find that as long as simulation rate data is resolved adequately,
that is, as long as each simulation is sub-divided into at least 10 intervals, resulting
models are reasonably consistent in size. Equivalently, as can be seen in Figure 2.3b,
models are fairly consistent in size as long as fewer than 175 steps are taken over
each interval. This demonstrates that filtering states into a temporal interval every
100 internal steps, should not have any influence on the size or contents of the built
models. All following examples will use models generated with this filter width.
To investigate the dependence of the model size on the user-defined reaction
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Figure 2.3: Number of species, nS (red lines), and number of reactions, nR (black
lines), in built methane oxidation models to demonstrate model convergence. Building simulations employed a constant volume reactor configuration at atmospheric
pressure, with initial conditions φ0 = {0.8, 1, 1.2} and T0 = {1200, 1600}. The reaction selection threshold was ε = 0.01, and CH4 , CO2 , OH, and heat release (HR)
were selected as targets.
selection threshold, simulations are also performed with a range of ε, resulting in a
set of reduced models with differing numbers of species, nS, and reactions, nR, as
illustrated in Figure 2.4. We find that the number of reactions in the reduced models
is almost linearly related to the threshold, while the number of species depends on
which reactions are selected, and thus is not directly controlled by ε. We also find
that the number of species and reactions in the core is generally monotonic, and
that increasing the threshold typically results in a decreased number of species and
reactions. An exception is found for the number of species in built models near
ε = 0.07, where C, in the reaction CH + H ↔ C + H2 , is added for ε = 0.06
and ε = 0.08, but is not added for ε = 0.07. Exceptions such as these can occur
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occasionally for reactions with DIC coefficients near the threshold, particularly at
larger thresholds where reactions selected at an earlier interval can more strongly
influence following state dynamics, and, as a result, which species and reactions are
selected in subsequent intervals.
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Figure 2.4: Number of species, nS (red lines) and number of reactions, nR (black
lines) in reduced models generated with the building algorithm, as a function of
DRG-EP reaction coefficient threshold ε.
Because nR is found to vary almost linearly with the selected threshold, an appropriate ε can be identified based on the desired number of reactions. Alternative
methods to select an appropriate threshold include generating a reduced model with
a large threshold, and performing successive building simulations with decreasing
thresholds until the desired model is produced, or identifying a threshold which pro-
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duces an error near a desired level, and evaluating model error for mechanisms generated with similar thresholds. It is important to note that, for a given desired error
level, reaction selection thresholds are often smaller than species selection thresholds
employed in the seminal DRG-EP work, as reaction importance coefficients are multiplied by an additional fractional term indicating the importance of a reaction to a
species.
To benchmark the built models, DRG-EP is employed to reduce three models
from GRI-MECH, with maximum 5%, 1%, and 0.1% allowable errors in ignition
delay time over all conditions used to build the reduced models. The DRG-EPreduced models will hereafter be referred to as ‘DRG-EP-5%’, ‘DRG-EP-1%’, and
‘DRG-EP-0.1%’. Because ignition delay error is non-linearly related to the number
of species and reactions, error may exceed the maximum allowable level at a certain
degree of reduction, and become lower than the allowed level as species or reactions
are subsequently removed. To select the smallest possible mechanism for each allowed
error level, species reduction is performed until the ignition delay error is larger than
the allowed error level by a factor of 5. The smallest reduced mechanism with error
below the allowed level is then selected as a starting point for the next reduction stage.
Reaction elimination stages are performed in an identical fashion. For each of the
allowed error levels, species and reaction reduction stages are conducted sequentially
until a model with a minimal number of species and reactions is found. The order of
reduction stages and the number of species and reactions at each stage is shown in
Table 2.1. Due to the time needed to reduce each mechanism, only three mechanisms
are created.
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Species Reduction 1
Species Reduction 2
Reaction Reduction 1
Reaction Reduction 2
Species Reduction 3
Reaction Reduction 3

DRGEP-5%
nS
nR
21
95
20
92
20
66
20
66
20
66
20
66

DRGEP-1%
nS
nR
30
184
30
184
30
114
30
114
30
114
30
112

DRGEP-0.1%
nS
nR
33
202
33
202
33
168
33
168
33
168
33
168

Table 2.1: Number of species, nS, and reactions, nR, in models at various stages
of top-down DRG-EP reduction. Reduction stages begin with Species Reduction 1,
and proceed sequentially down the table until Reaction Reduction 3. Models are
generated for 5%, 1%, and 0.1% allowed errors in ignition delay predictions
The performance of the models built with varying ε is now compared to the three
DRG-EP-reduced models. Maximum errors in ignition delay time are taken over all
simulations used to generate the models, are displayed in Figures 2.5 and 2.6 as a
function of the number of species and reactions in the models. Ignition delay errors
are evaluated with respect to the detailed mechanism, where ignition delay time is
defined as the time to reach the maximum rate of change in temperature.
With a 0.1% maximum allowed error in ignition delay time, DRG-EP-0.1% contains 33 species and 168 reactions, while the smallest built model corresponding to
the same threshold, Built-0.1%, contains 34 species and 170 reactions. Even at this
small level of error, neither model contains any species corresponding to the NOx
mechanism, and both models contain many fewer reactions than the 217 detailed
reactions describing methane oxidation. Following a similar trend, DRG-EP-1%
contains 30 species and 112 reactions, while Built-1% contains 31 species and 101
reactions. DRG-EP-5% contains 20 species and 66 reactions, while Built-5% contains
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21 species and 42 reactions. A full list of the species contained in each reduced and
built model is available in Table 2.2, neglecting targets and species with nonzero initial mass fractions which are automatically included in all reduced models. Species
are ordered in the table from top to bottom based on the maximum magnitude of
their DRG-EP coefficients as computed with detailed simulation data at the beginning of the first DRG-EP species reduction stage.
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Figure 2.5: Ignition delay errors as a function of the number of reactions, nR, in
built mechanisms (black lines) compared to DRG-EP-5%, DRG-EP-1%, and DRGEP-0.1% (red symbols). Ignition delay times are computed as the time of maximum
rate of change in temperature, and errors are evaluated in comparison to GRI-MECH.
We find that, at equivalent error levels, built and reduced models have a similar
number of reactions and species. Furthermore, the contents of built and reduced
models - which species and reactions are selected - are nearly identical for all inves44
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mechanisms (black lines) compared to DRG-EP-5%, DRG-EP-1%, and DRG-EP0.1% (red symbols). Ignition delay times are computed as the time of maximum rate
of change in temperature, and errors are evaluated in comparison to GRI-MECH.
tigated cases.
However, it should be noted that DRGEP-reduced models are generated with
scaling coefficients αT , normalized by peak production rates of a target T encountered over a given simulation. In contrast, scaling coefficients used to generate built
models are normalized by maximum known production rates of targets encountered
in previously sampled states. This can cause reactions to be unnecessarily added to
built models when targets have marginal production rates compared to their peak
rates, if the peak rates have not been encountered. For instance, in the first inter-
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DRGEP-5%
H2 O
CH3
CO
H
CH2 O
HO2
CH3 O
O
H2
C 2 H6
HCO
C 2 H5
H2 O2
CH2 (S)

Built-5%
H2 O
CH3
CO
H
CH2 O
HO2
CH3 O
O
H2
C2 H6
HCO
C2 H5
H2 O2
CH2 (S)

C 2 H4

C2 H4

CH2

DRGEP-1%
H2 O
CH3
CO
H
CH2 O
HO2
CH3 O
O
H2
C2 H6
HCO
C2 H5
H2 O2
CH2 (S)
HCCO
C2 H4
C2 H2
CH
C
CH2
C2 H3
CH2 CO
CH2 CHO
CH2 OH
CH3 OH

Built-1%
H2 O
CH3
CO
H
CH2 O
HO2
CH3 O
O
H2
C2 H6
HCO
C2 H5
H2 O2
CH2 (S)
HCCO
C2 H4
C2 H2
CH
C
CH2
C2 H3
CH2 CO
CH2 CHO
CH2 OH
CH3 OH
C2 H

DRGEP-0.1%
H2 O
CH3
CO
H
CH2 O
HO2
CH3 O
O
H2
C2 H6
HCO
C2 H5
H2 O2
CH2 (S)
HCCO
C2 H4
C2 H2
CH
C
CH2
C2 H3
CH2 CO
CH2 CHO
CH2 OH
CH3 OH
C2 H
CH3 CHO
C3 H8

Built-0.1%
H2 O
CH3
CO
H
CH2 O
HO2
CH3 O
O
H2
C 2 H6
HCO
C 2 H5
H2 O2
CH2 (S)
HCCO
C 2 H4
C 2 H2
CH
C
CH2
C 2 H3
CH2 CO
CH2 CHO
CH2 OH
CH3 OH
C2 H
CH3 CHO
C 3 H8
C 3 H7

Table 2.2: Species in built and reduced methane oxidation models, generated with
maximum allowed ignition delay errors of 5%, 1%, and 0.1% in constant volume configurations at atmospheric pressure, with T0 = {1200, 1600}, and φ0 = {0.8, 1, 1.2}.
val of a constant volume methane auto-ignition building simulation, target CO2 has
a small production rate relative to its’ peak rate near ignition. Despite the small
production rate, αCO2 = 1, because no states have previously been sampled. Reactions strongly connected to CO2 may thus be added at this time, even though CO2
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formation is unimportant.
A well-posed dynamic target selection criterion, where reactions are added to
the reduced model only if they are affiliated with an active target, could mitigate
this problem. Unfortunately, with an on-the-fly building process, peak production
rates are not known a-priori, and it is difficult to identify a universally applicable
target selection based exclusively on species mass fractions. For instance, in Liang
et al. [97], species targets were ignored if the mass fraction was lower than 10−30 . In
our example, CO2 has a mass fraction of 10−17 by the end of the first interval, so
reactions related to that target would still be added earlier than necessary. We also
attempted dynamic target selection using the relative important index (RII) method
proposed in Curtis et al. [96], but the RII method also employed a mass-fraction
target cutoff, where species targets were only selected if they had a mass fraction
above 10−30 in one example, and 10−8 in another. The RII method also provides
no way to automatically differentiate between desired and undesired targets (i.e., if
a methane oxidation mechanism is built, NOx species can be selected as targets).
Furthermore, while the RII method can generate more compact and accurate mechanisms compared to DRG-EP without any target scaling, we found that it does not
out-perform DRG-EP reduction with scaling, particularly if DRG-EP targets are
carefully selected.
Instead, if the end-user desires a mechanism built with target importance scaled
based on peak formation rates, we suggest the following approach. Using the building algorithm outlined in Chapter 2, build a reduced model, and store both the peak
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target formation rates and the un-scaled DRG-EP species and reaction coefficients
at each interval. At the end of the building simulation, re-evaluate reaction importance at every interval with scaling coefficients normalized by the stored peak target
formation rates. Remove any reactions with maximum scaling coefficients below the
threshold, and remove any reactions with truncated pathways induced by this reaction removal step. We found that, by applying this secondary reaction removal stage,
the Built-5%, Built-1%, and Built-0.1% models contained at most 10 fewer reactions
than models created with a single building stage. This indicates that scaling based
on peak target formation rates does have an effect on the time at which reactions are
built, but that using a dynamically computed scaling coefficient where peak rates
are unknown at the beginning of a simulation does not significantly alter the final
size of reduced models.
In summary, despite using a limited set of reactions rather than the full detailed
mechanism to build the reduced models and a single reaction-centric building stage,
the building approach is able to create models comparable in size with models reduced
with a top-down algorithm, which utilizes multiple stages of both species and reaction
reduction. It is important to note that our goal is not to present a new algorithm
to generate an optimally reduced model, but rather to present a method where we
can add reactions on-the-fly to an existing reduced model, given a limited amount
of information regarding the detailed mechanism.
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2.7

Case Study: Adding NOx Chemistry to a Reduced CH4
Mechanism

The final application considered in this work is building nitrogen oxide (NOx ) pathways onto the Built-5% reduced methane oxidation mechanism constructed in the
previous section. The list of potential detailed NOx reactions taken from GRI-MECH
3.0 [11].
As summarized in Yang et al. [98], there are four major classifications of NOx
formation pathways. The most dominant pathway, particularly at high temperatures
and near-stoichiometric conditions [99], is thermal NOx , described by the Zeldovich
mechanism [100, 101]. The Zeldovich mechanism contains the following reactions:

N + N O ↔ N2 + O

(2.9)

N + O2 ↔ N O + O

(2.10)

N + OH ↔ N O + H

(2.11)

Thermal NOx pathways are initiated with oxygen radicals attacking nitrogen. To
break the triple bond in N2 , reactions in these pathways are characterized by high
activation energies, which require high temperature conditions to progress.
Another NOx formation pathway is the prompt mechanism [102], in which
methylidyne radicals (CH), produced by hydrocarbon fuels at the flame front, re49

act with N2 . The primary initiation reaction in the prompt mechanism is:

CH + N2 ↔ HCN + N

(2.12)

Because CH is produced from the degradation of hydrocarbon fuels, this pathway
becomes more dominant at fuel-rich conditions (φ > 1.5) or at low temperatures
where thermal NOx pathways cannot progress [103].
NOx can additionally form through minor pathways involving N2 O, as postulated by Wolfram et al. [104], and through fuel-bound nitrogen, although the latter
pathway is not relevant in the case of methane combustion.
In this work, we want to elucidate whether differences in NOx formation pathways
are captured with reactions selected in the building approach. To this end, we add
NOx pathways to the reduced methane oxidation mechanism to construct two reduced mechanisms: one generated by a simulation with a stoichiometric equivalence
ratio (φ = 1), and one generated by a simulation at fuel-rich conditions (φ = 2).
Otherwise, both cases are identical, run with constant volume configurations at atmospheric pressure and with initial temperature T0 = 1200K. The set of targets is
{N O, N O2 }, and these species are automatically added to the core at the start of
the building process. The importance threshold is set to a large value: ε = 0.2, so
that only the most important NOx reactions are added. Approximately 30 intervals
are used for each simulation, and only a single building stage is employed.
At φ = 1, 12 reactions and 5 species are added to the 23-species, 49 reaction
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methane oxidation mechanism, ‘Built-5%’. Including the two target species, the
final model contains 30 species and 61 reactions. Final errors in NO and NO2 mass
fractions, compared to the detailed mechanism, are less than 0.01%, and integrated
errors for the same species are below 0.25%. At φ = 2, 18 reactions and 7 species
are added, resulting in a final reduced model with 32 species and 67 reactions. Final
errors for the target species mass fractions are on the order of 0.001%, and integrated
errors for NO and NO2 are 2.6% and 1.7%, respectively.
The size of each built methane/NOx mechanism, normalized by the number of
reactions in GRI-MECH 3.0, is plotted on the green solid curve as a function of
time in Figure 2.7. Reactions added over an interval are displayed in boxes, which
are connected to the end of the interval when the reactions are added. The model
built at stoichiometric conditions is shown in Figure 2.7a, and the model built at rich
conditions is shown in Figure 2.7b. In GRI-MECH, the NOx sub-mechanism contains
18 species and 108 reactions, so building at the reduced level for both equivalence
ratios does result in an appreciable reduction of the NOx sub-mechanism. While the
full list of reactions from GRI-MECH is provided to construct the edge models, only
reactions from the NOx sub-mechanism are identified as important in both cases.
In both cases, two thermal NOx reactions and one catalytic NO2 reaction (HO2 +
N O ↔ N O2 +OH), are added to initiate nitrogen decomposition and NOx formation
at the end of the first interval. It is interesting to note that if peak rates are used
to scale the target importance, all three thermal NOx reactions are added closer to
ignition, as NOx activity is considerable primarily at high temperatures.
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For the stoichiometric case, several additional N2 O reactions are added as the
fuel decomposes and as temperature begins to rise. Near ignition, the OH radical
becomes abundant, causing the third thermal NOx reaction to be added. These
reactions are added at similar times for the φ = 2.0 case, however, the prompt NOx
formation pathway also becomes more dominant during ignition, resulting in multiple
reactions added involving CH and HCN . These results display the capability to
build reactions onto reduced models as they are needed, depending on the selected
targets and the conditions of interest.

2.8

Efficiency due to a Bottom-up Building Approach

Improvements in computational efficiency due to building a reduced mechanism from
the bottom up, as opposed to a top-down reduction approach, are more substantial
for detailed mechanisms with a significant number of redundant species and reactions. To demonstrate savings in computational cost available from the building
algorithm, we construct reduced mechanisms for methane and n-heptane oxidation,
using detailed reaction lists taken from GRI-MECH 3.0 and the Lawrence Livermore
n-heptane mechanism, respectively. The n-heptane mechanism is selected to demonstrate the ease of constructing reduced models for large mechanisms, as it contains
654 species, and 4544 reactions.
Models are again built using a single constant volume reactor simulation at
atmospheric pressure and stoichiometric conditions, and with initial temperature
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T = 1200K. Selected targets include the fuel, OH, CO2 , and heat release. We also
demonstrate the effect of the selected threshold on the size of the core and test models by varying the reaction selection threshold ε from 0.001 to 0.1. The number
of reactions in the test and core models is displayed as a function of time for the
methane oxidation model in Figure 2.8a, and for the n-heptane model in Figure 2.8c.
The number of species in the test and core models is also displayed as a function of
time for the methane oxidation model in Figure 2.8b, and for the n-heptane model
in Figure 2.8d.
For the built n-heptane model, the number of species and reactions in the test
models remain between 20% and 65% of those in the detailed mechanism, depending
on the magnitude of the selected threshold. The majority of species and reactions are
added to both stoichiometric and rich models during the first interval, to accurately
capture the fuel breakdown. Because the detailed mechanism contains a large number
of redundant species and reactions, the full detailed mechanism is never analyzed,
even at the smallest threshold.
In contrast, the number of reactions in the test model for methane oxidation
varies between 50 and 80% of those in the detailed mechanism, and the number of
species varies between 75 and 85%. While many species and reactions are added
to both the test and core models in the first interval, a significant number are also
found to be important near ignition, near the end of the building simulation.
Considering the worst-case scenario, where the methane mechanism is constructed
with the incredibly small threshold ε = 0.001, the test model is still a fraction
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of the size of the detailed mechanism, resulting in substantial cost savings. As
we consider mechanisms with a larger fraction of redundant species, and increase
the threshold, the building simulation becomes even more efficient. For the cases
presented here, while the algorithm does re-initialize states to the beginning of an
interval whenever reactions are added, we find that reactions are often added in
groups near the beginning of a simulation and near ignition, and that intervals are
never re-evaluated more than three times. As a result, interval re-evaluation does
not cause a substantial increase in run-time compared to the cost savings gained by
considering a reduced description.
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(a) Built model constructed at stoichiometric conditions: φ = 1
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(b) Built model constructed at rich conditions: φ = 2

Figure 2.7: Number of reactions, nR, of the built model (solid green line) as it is
constructed over time t, compared to the number of reactions in the starting model
(dashed black line). nR is normalized by the total number of reactions nRdet in
GRI-MECH 3.0, and t is normalized by the ignition delay time τig , computed with
the starting model describing methane oxidation, Built-5%. Reactions are displayed
in boxes connected to the time at which they are added to the built model, with
species new to the model highlighted in bold text. Models are built with constant
volume configurations at atmospheric pressure, T0 = 1200K, and P0 = 1bar. Targets
are NO and NO2 , and the selection threshold is ε = 0.2.
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species contained in test (dashed lines) and
core (solid lines) models as a function of time,
for various user-defined thresholds ε.
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(a) Methane oxidation: the number of reactions contained in test (dashed lines) and
core (solid lines) models as a function of time,
for various user-defined thresholds ε.
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(c) n-heptane oxidation: the number of reactions contained in test (dashed lines) and
core (solid lines) models as a function of time,
for various user-defined thresholds ε.

(d) n-heptane oxidation: the number of
species contained in test (dashed lines) and
core (solid lines) models as a function of time,
for various user-defined thresholds ε.

Figure 2.8: Size of models constructed over the course of a single constant volume
simulation, run with initial temperature T0 = 1200K, pressure P0 = 1bar, and
equivalence ratio φ0 = 1. The list of potential methane reactions are taken from [11],
and potential n-heptane reactions are taken from [12]. The number of species in each
model, nS, is normalized by the number of species in the corresponding detailed
mechanism, nS det . The number of reactions in each model, nR, is normalized by
the number of reactions in the corresponding detailed mechanism, nRdet . Time t is
normalized by the ignition delay time τig , computed with the test model.
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CHAPTER 3
GENERATING LUMPED REACTIONS FOR MULTI-COMPONENT
HYDROCARBON FUEL DECOMPOSITION

Reduction techniques can often be categorized into skeletal reduction (e.g.,
species and reaction elimination), time-scale reduction, and lumping techniques [105].
Lumping, the focus of the following method, is especially attractive in the context of
high molecular weight hydrocarbon combustion, where a large number of isomers and
similar reaction pathways are typically found. A variety of lumping approaches have
been published in the literature, targeting the species and reactions in the detailed
kinetic mechanism in different ways:
• Species lumping aims at replacing a set of species by a small number of representative variables, typically a single lumped species. This is done in practice
by applying a linear transformation to the set of equations governing the chemical system, thereby reducing the number of transport equations necessary for
a given simulation [106]. While mathematical criteria have been devised to
formulate general and practical lumping transformations for a given chemical
system [107], the lumping transformation is often ad-hoc, decided based on
chemical considerations, for example by lumping together isomer species with
similar kinetic pathways [108–110], or grouping species based on their chemical
classes and functional groups [111].
• Lumping of reaction pathways, on the other hand, replaces a succession of elementary steps with a single lumped reaction and has the potential to forego
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intermediate species altogether. Hydrocarbon, and especially aliphatic, fuel
combustion chemistry, is particularly well-suited for this approach: because
the fuel molecules undergo rapid oxidative pyrolysis at high temperature to
form low molecular weight fragments, the fuel decomposition chemistry can be
decoupled from small-species chemistry and lumped. This decoupling assumption has been used extensively in literature [21, 109, 112–121], the cutoff separating small radicals that govern the combustion dynamics from large species
with limited influence on global combustion characteristics often being set to
4 carbon atoms.

Lumping techniques have been used to reduce existing details kinetic mechanisms, but also as a powerful tool to directly generate simplified reaction schemes.
For example, Ranzi et al. [122, 123] defined 9 types of primary propagation reactions for a given fuel and 4 types of primary propagating radicals (alkyl, peroxy,
hydroperoxy-alkyl, and hydroperoxy-alkylperoxy). For each one, they postulated a
set of lumped reactions representing the breakdown of a fuel and large intermediates
to smaller fragments. The resulting lumped reactions were added to a core kinetic
mechanism for small hydrocarbon molecules. Recently, Wang et al. [124, 125] proposed an approach that uses experimental data to define and calibrate small sets of
lumped reactions to describe the high-temperature decomposition of transportation
fuel mixtures. Again, those reactions were then appended onto a detailed C0 − C4 kinetic mechanism, yielding chemical models of reasonable sizes, even for very complex
realistic fuels.
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A significant drawback to many of the lumping techniques described above is
the need for expert knowledge in defining the lumping transformation, selecting rate
constants, classifying reactions, or identifying the sub-mechanism containing the reactions or species to lump. In this work, we aim to address this issue in the context
of detailed kinetic mechanism reduction for high temperature combustion by developing an automated simulation-driven lumping strategy for fast fuel decomposition
reactions. A reference database of sample combustion simulations is analyzed to automatically generate and calibrate appropriate lumped reactions. The methodology
can describe the decomposition of both single and multi-component fuels: in the
latter case, the fuel components are replaced by a single lumped fuel species.
Section 3.1 contains an overview of the lumping procedure along with necessary
definitions and notations. Section 3.2 describes the steps to identify the fuel reaction network to lump, Section 3.3 expands on data generation to evaluate lumped
reaction parameters, while Sections 3.4 to 3.7 go over the process of defining lumped
reaction parameters. Two case studies are demonstrated: one where fuel decomposition reactions in a single component n-dodecane kinetic mechanism are lumped
in Section 3.9, and one where analogous reactions are lumped for a 2-component
n-dodecane/iso-octane surrogate in Section 3.10.
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3.1

Definitions and Notations

Fuel decomposition reactions in a detailed kinetic model describe the successive
breakdown of large molecules into small hydrocarbon fragments. At high temperature, fuel breakdown occurs rapidly and the corresponding kinetics have been found
to minimally impact the main combustion dynamics. Our objective is to replace
those breakdown reactions by a small set of automatically defined lumped reactions
that still provide an accurate prediction of small species mass fractions and combustion dynamics.
To enable a clear understanding of the process, we introduce several notations.
We define Rd as the set of reactions in a high-temperature kinetic mechanism. Rd
is split into two subsets: a set of fuel decomposition reactions called Rf , with
cardinality nRf , and a set of all other core reactions Rc , such that:
Rc = Rd − Rf

(3.1)

We split the set of all species in the detailed mechanism into three subsets: the set
of large hydrocarbon intermediates formed in the fuel decomposition process,
Sf , the set of all fuel species SF , and the set of core species, Sc .
To generate a lumped mechanism, we replace Rf with a set of lumped reactions,
which will be denoted R` , as shown in Figure 3.1. We assume lumped reactions in
this set take the form of either:
F → ν1 P1 + ν2 P2 + ...
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(3.2)
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R`

Figure 3.1: Comparison of sub-models contained in detailed and lumped mechanisms.
Colored text serves to highlight the lumping strategy.
or
R + F → ν1 P1 + ν2 P2 + ...

(3.3)

where F is the lumped fuel molecule, R is a reactant, νi are stoichiometric coefficients, and Pi are products. Both R and Pi are contained in Sc and represent
small species consumed and produced in fuel decomposition reactions, respectively.
Species in Sf are entirely removed in the lumped reactions, as they are assumed to
break down rapidly in conjunction with the fuel. Species in SF are combined into the
single lumped fuel species F . Lumped reactions take the form of H-abstraction reactions and uni-molecular fuel decomposition reactions because these reaction types
dominate over oxidation reactions in the high temperature cracking process [126].
In Equations 3.2 and 3.3, reactant stoichiometric coefficients are fixed at unity.
This is done for simplicity and in the interest of maintaining an elementary reaction
framework, and is possible because small fragment consumption rates generally do
not exceed aliphatic fuel consumption rates during the breakdown of fuels at high
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temperatures. It is also important to note that F is a single species which can
represent either a single component fuel or a multi-component fuel blend.
The steps to define lumped reactions are as follows: first, we identify the large
hydrocarbon cracking intermediates and reactions which will be replaced with the
lumped description. Then, we perform canonical simulations with the detailed mechanism to generate a reference database which is used to match the formation of small
core species from lumped reactions to detailed decomposition reactions. Finally, we
use information in the canonical simulations to define lumped reactions and reactants R, products Pi , and product stoichiometric coefficients νi . A more detailed
walkthrough is contained in the following sections.

3.2

Lumping Algorithm

The first step in the lumping procedure is to systematically identify the reactions Rf
and species Sf which characterize the detailed fuel breakdown process as outlined in
Algorithm 1. Rf is defined as the set of all decomposition reactions in the detailed
mechanism. A detailed reaction is assigned to Rf if it contributes to the formation of
a product P without C − C bond reconfiguration at any point between the consumption of fuel F and the formation of P . Sf is defined as the set of all intermediate
decomposition species directly produced by F which have nC > 4.
In a given reaction, a product P is considered to be directly formed by a reactant
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R if all the carbon atoms in P are donated by R without rearrangement or combination with carbon atoms from other reactants. This is determined using transition
state analysis described in [127], which detects the probability of carbon atoms in a
given reactant to transfer to carbon atoms in a given product through structural and
energy-based methods. Structural information for each species in the detailed mechanism is extracted from molefiles or from a species dictionary containing SMILES
formats [128].
Algorithm 1 Fuel decomposition reaction identification
Rf , Sf = {},{}
loop:
for reaction r ∈ Rd
for reactant R in r
if R ∈ Sf or R == F
add r to Rf
for product P in r
if R directly forms P and nC
P > 4
add P to Sf
10:
if Sf and Rf unchanged from line 3
11:
exit loop
1:
2:
3:
4:
5:
6:
7:
8:
9:

3.3

Reference Data-Set

Lumped reactions are developed to minimize the difference between the formation of
core species from detailed fuel decomposition reactions and from lumped reactions,
with particular emphasis on minimizing differences in formation if species are important to the core mechanism. In order to realize this goal, a reference data-set of
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N samples is generated by recording data over a series of canonical simulations run
with the detailed mechanism. Here, canonical simulations are run using 0D autoignition configurations as recommended in Wang et al. because of the abundance
of data points at high temperature conditions due to the separation in timescales
between fuel decomposition and ignition [125]. Other configurations are valid, but
care should be taken that conditions of interest are well-represented in the data-set
(e.g., fuel decomposition in freely-propagating un-stretched flames is largely completed prior to the high temperature flame front, and thus this configuration cannot
provide high-temperature rate information for fuel decomposition reactions).
A recorded data-set entry consists of the following stored variables:

• t̄, a normalized time interval computed as:
t̄ =

∆t
te

(3.4)

where ∆t represents the chemical time-step between the current and the previous entry times of a given canonical simulation, and te denotes the end time
for which data is recorded in a given canonical simulation.
• T , the temperature,
• CSi , the concentration C of a detailed species Si ,
• ĊS−i , the consumption rate of a detailed species exclusively from fuel decomposition reactions in the detailed mechanism, computed as:
R

ĊS−i

=

n d
X
j=1
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R

R

δj f νSij ωj

(3.5)

where Rd is the number of reactions in the detailed mechanism, ν R refers to
reactant stoichiometric coefficients, and ωj represents the reaction rate of the
R

j th fuel decomposition reaction. δj f is unity if the j th reaction is in Rf and is
otherwise 0,
• ĊS+i , the production rate of a detailed species exclusively from fuel decomposition reactions in the detailed mechanism, computed as:
R

ĊS+i

=

n d
X

R

P

δj f νSij ωj

(3.6)

j=1

where ν P refers to product stoichiometric coefficients, and
• δF , a term which represents the peak fuel consumption rate of a canonical
simulation. δF = 1 if the fuel consumption is at the maximum value for a given
canonical simulation and is otherwise 0.

The concentration and consumption rate of the fuel are specifically denoted by
CF and ĊF− . In the case of a multi-component fuel surrogate, these values are taken
as the sum of contributions from each of the fuel components.
Data-set entries are recorded for the duration of the oxidative fuel pyrolysis process in each reference simulation. Wang et al. [125] outlines the separation between
oxidative fuel pyrolysis and oxidation of small molecules, concluding that the two
processes can be separated temporally or spatially, and arbitrarily sets the cutoff between the two processes when the fuel is 95% decomposed in a shock tube study [125].
For our purposes, we define the decomposition process to occur while the fuel is driving the oxidative pyrolysis rather than subsequent intermediates, that is, when the
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rate of fuel consumption exceeds the rate of consumption of any other large hydrocarbon. This definition ensures that H-abstraction lumped reaction rates, computed
jointly from fuel and core species consumption rates in Section 3.5, are correlated
with fuel consumption and are not artificially inflated when the fuel concentration
approaches zero.

3.4

Lumped Reactions and Reactants

In Section 3.1, we postulated that R` can contain two types of reactions: fuel decomposition and H-abstraction. We assume the presence of a uni-molecular fuel
decomposition reaction to initiate fuel consumption. H-abstraction reactions with
reactants R and F are added to the set of lumped reactions if the consumption
of R ∈ Sc relative to the consumption of fuel F in cracking reactions exceeds a
user-defined cutoff α− :
P



t̄ĊR−

P



t̄ĊF−

n∈N
n∈N


n ≥ α−

(3.7)

n

where the t̄ weighting ensures consistent results regardless of simulation time-steps.
The set of identified lumped reactions R` is of cardinality nR + 1: a single fuel
decomposition reaction and nR H-abstraction reactions, each of which contains a
unique R. At high temperatures where the fuel breakdown is rapid, all selected R
are radicals which are consumed to a large degree in cracking reactions.

66

3.5

Lumped Reaction Rate Coefficients

Lumped reaction rate coefficients k and the corresponding Arrhenius parameters A
and E are computed to minimize the difference between species consumption rates
in R` and in Rf . This minimization is realized by applying the standard law of
mass action to lumped reactant concentrations and consumption rates stored in the
reference data-set. The steps are as follows:

1. Bin entries in the reference data-set into a user-defined number of bins nb
based on the entry temperature. nb is specified so that each bin contains a
large number of samples. An average bin temperature Tb is then computed
from all temperature entries in a given bin.
2. For each bin and each lumped reaction, the rate coefficient is computed with a
weighted least squares fit over all binned entries with weights t̄ to yield k(Tb ).
The weighting ensures consistent results regardless of the simulation time-steps.
H-abstraction rate coefficients kR are computed from reactant concentrations
and the consumption rate of reactant R:
ĊR− = kR (Tb )CF CR

(3.8)

and decomposition rate coefficients kF are computed from the fuel remaining
after consumption in abstraction reactions:


Rd
n
X
δjR ĊR−  = kF (Tb )CF
max 0, ĊF− −
j=1
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(3.9)

where δjR = 1 only if reaction j is a lumped reaction containing a selected
reactant R, else it is zero.
3. For each lumped reaction, k(Tb ) and Tb are fit over b = 1, nb to yield the
Arrhenius pre-exponential factor A and activation energy E:
ln(A) = ln(k(Tb )) +

E
Rc Tb

(3.10)

Here, Rc is the ideal gas constant.

3.6

Lumped Reaction Products and Product Stoichiometric
Coefficients

To define the lumped reaction products Pi and corresponding product stoichiometric
coefficients νPi , we impose several criteria: first, that each reaction must have a
balanced number of elements, second, that all stoichiometric coefficients must be nonnegative, and third, that the difference between the production rates of key fragments
in lumped reactions and in detailed fuel decomposition reactions is minimized for
species that are important to the core mechanism.
For lumped H-abstraction reactions with radical R, we automatically select RH
as a product to ensure elemental balance. Additional hydrocarbon products Pi are selected from the set of core species if their production in Rf relative to the production
of other core species exceeds a user-defined cutoff α+ :
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+
t̄δ
Ċ
F
Pi
n∈N
n  
P

≥ α+
+
maxs∈Sc
t̄δ
Ċ
F s
n∈N
P

(3.11)

n

The t̄δF weighting ensures that results are consistent regardless of simulation
time-steps. Furthermore, products are selected at peak rates of fuel consumption
as selected products can significantly influence the rate of fuel decomposition, and
that species associated with fuel decomposition are more important to include in the
lumped reactions than species associated with slower timescales.
The stoichiometric coefficient νPi corresponding to a product Pi in each lumped
reaction is computed with a weighted least squares fit to minimize the difference
between all species production rates computed for lumped reactions and species
production rates in the detailed reference data-set. If lumped product Pi is also a
reactant in any of the lumped reactions, νPi is computed by:
R

ĊP+i

=

n d
X

R

δj f νPi,j ωj

(3.12)

j=1

where ωj is the reaction rate of the j th lumped reaction and is computed with Arrhenius parameters defined in Section 3.5. Otherwise, νPi is computed using the net
rate of species formation:
R

ĊP+i

−

ĊP−i

=

n d
X

R

δj f νPi,j ωj

(3.13)

j=1

A weighting factor W is applied to the least squares fits of Equations 3.12 and 3.13 to
weight any errors in the prediction of species production rates by the typical amount
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of the species present in the system. W is defined as:
W =

t̄
CPi ,mean

(3.14)

where CPi ,mean is the average concentration of a product Pi over all entries in the
reference data-set.
Least squares constraints are imposed to enforce an elemental balance for every
lumped reaction and to ensure that stoichiometric coefficients remain positive. These
constraints take the form of:
R

n j
X

P

νRi,j nE
Ri

=

i=1

n j
X

νPi,j nE
Pi

(3.15)

i=1

νPi,j ≥ 0

(3.16)

where nE represents the number of atoms of element E, and nRj and nPj represent
the number of reactants and products in a given lumped reaction j.

3.7

Lumped Reaction Parameter Optimization

As a final step in the lumping process, lumped reaction parameters are adjusted so
that the lumped mechanism matches detailed mechanism predictions of key combustion phenomena. This step removes any inaccuracies induced by removing large
hydrocarbon intermediates or limiting the number of reactants and products in the
lumped description.
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Adjusted parameters include the pre-exponential factor A and lumped reaction
product stoichiometric coefficients νP . A and all νP for each lumped reaction are
combined to form a vector χ of cardinality nL , which is normalized to form the
vector of active parameters x [129]:


x = ln

χ
χ0


/ln(F)

(3.17)

where χ0 is the nominal value of χ, F is the uncertainty span of χ. Normalization
results in a zero nominal value of x which can easily be bound between −1 and 1 to
constrain χ within the range of uncertainty.
The stated goal of optimization as it is presented here is to determine lumped
reaction parameters which minimize the difference between the predictions η(x) of
quantities such as ignition delay times or flame speeds computed with the lumped
mechanism, and target predictions of the same quantities η det evaluated with detailed
mechanism. The vector of optimal lumped reaction parameters x∗ is computed via
a solution mapping approach [129] to minimize the objective function Φ:


Φ(x∗ ) = 

nT 
X
i=1

ηi (x) − ηidet
σi ηidet

2




(3.18)

nT is the number of targets predictions to match and σ is a measure of target importance.
Lumped mechanism predictions η(x) are computed with a second-order Taylor
expansion with respect to the active parameters, as:
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L

η(x) = a0 +

n
X

L

ai xi +

i=1

L

n X
n
X

aij xi

(3.19)

i=1 j≥i

where a0 is the nominal response of the lumped mechanism and coefficients ai and
aij are computed with a local sensitivity analysis, conducted by perturbing each data
element in x by a user-specified step α. More details on obtaining the coefficients
are available in [130].
If all stoichiometric coefficient terms in x were perturbed independently during
the computation of Taylor coefficients, elemental balances would not be maintained.
Thus, for each atom type in each lumped reaction, we select a constraining species
S to enforce an elemental balance. Stoichiometric coefficients of constraining species
are not included in x, and are updated with element balances.
For example, consider a lumped hydrocarbon reaction with 6 products. Two
constraining species are required: one to enforce C conservation, and one to enforce H
conservation. We adjust the pre-exponential rate coefficient A and the stoichiometric
coefficients of 4 of the products, but not the stoichiometric coefficients of the 2
constraining species. The vector of active parameters x will be of dimension (1 +
6 − 2) = 5. Changes to any of the 4 non-constraining stoichiometric coefficients νP
in x will require the stoichiometric coefficients of each constraining species νS to be
re-computed as:


νS = 

R

n
X
i=1



P

νRi nE
Ri −

n
X
i=1
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νPi nE
Pi

 /nE
S
Pi 6=S

(3.20)

Bounds can be imposed on x to keep the stoichiometric coefficients associated
with active parameters positive. However, bounds cannot be directly imposed on the
stoichiometric coefficients of constraining species. To enforce bounds on constraining
species stoichiometric coefficients, Equation 3.20 is added as a nonlinear constraint
for each constraining species during optimization such that νS ≥ 0.
In the author’s knowledge, while optimization techniques have previously tuned
reaction rate parameters [129, 131] or stoichiometric coefficients with user-specified
products and manually derived constraints specific to the selected products [132], this
is the first published generalized formulation to automatically adjust both reaction
rates and stoichiometric coefficients.

3.8

Implementation Details

The lumping algorithm is implemented in Python 2.7 scripts which interface with
Perl mechanism generation tools, a Fortran/C++ structural pre-processor based
on the work of [127], and a Fortran code used to validate the lumped mechanism
and create the detailed data-set from which lumped reactions are derived and to
optimize rate parameters. The optimization code fragment was originally used in
[7], and was modified for this work to include nonlinear optimization terms and to
allow constrained optimization of both reaction rate pre-exponential coefficients and
product stoichiometric coefficients.
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Additional implementation details and a user-guide are available in Appendix A.

3.9

Case Study: n-Dodecane

To showcase the capabilities of the lumping methodology, we lump fuel decomposition reactions in the high-temperature n-dodecane mechanism developed by
Narayanaswamy et al. [133]. The detailed mechanism contains 180 species and 1960
reactions, and has been validated against a large number of experimental measurements.
The stated objective of the proposed lumping approach is to enable automatic
identification, within the detailed mechanism, of the reaction pathways associated
with high-temperature n-dodecane decomposition, and to replace them with a small
set of lumped reactions. The detailed reference data-set used to formulate and characterize the lumped reactions is assembled from a series of constant volume autoignition simulations at stoichiometric conditions, at initial temperatures T0 between
1100 and 1600 K and pressures P0 between 1 and 20 atm, hereafter called “reference
conditions”.
In this case study, we first assess the accuracy of the fast fuel decomposition
assumption used in the lumping method. Next, comparisons are made between the
detailed mechanism and the mechanism in which the fuel decomposition reactions are
replaced by lumped reactions, called the lumped mechanism, and the mechanism
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in which parameters in the lumped reactions are adjusted based on data from the detailed mechanism, called the optimized mechanism. Available experimental data
are also used to validate the lumped and optimized mechanisms for a range of initial
conditions for both auto-ignition cases and freely propagating 1D flames. Finally, the
lumping methodology is integrated into a multi-stage reduction approach to evaluate
the computational performance of mechanisms generated with the lumping strategy
compared to alternate conventional reduction techniques.

3.9.1

Size Selection for Lumped Model

The choice of cutoff parameters α− and α+ to select the number of reactions and
products in lumped reactions (Sections 3.4 and 3.6) is expected to impact the overall
performance of the lumped mechanism. To assess the influence of cutoff parameters on ignition delay times and species profiles, we vary both α+ and α− between
0.01 and 1. This yields an ensemble of lumped models containing between 1 (single
decomposition reaction) and 6 (one decomposition reaction and 5 H-abstraction reactions) lumped reactions, each reaction containing between 4 and 14 products on
average.
Each lumped mechanism containing each of the lumped models in place of fuel
decomposition reactions is then used to simulate a range of test auto-ignition configurations with the initial conditions used to generate the reference data-set. To
facilitate analysis, we compute an aggregate error measure for ignition delay time
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and species mass fraction profiles over all simulated configurations with Fast Dynamic Time Warping (DTW) [134] as implemented in Python’s fastdtw package.
Instead of comparing individual values of ignition delay time or species mass fractions at a given instant, DTW compares data from curves generated by detailed and
lumped mechanisms (ignition delay times over a range of T0 at select P0 , or species
concentrations as function of time at a given P0 and T0 ), and returns a single value
representing the overall similarity between the curves. The similarity measure is the
minimum Euclidean distance between matched points in the two sequences, where
each point in each curve is matched with at least one point in the other curve. This
approach categorizes curves as similar if they have similar shapes, even if there is a
small temporal offset. The computed minimum distances for each set of curves are
averaged over all desired initial conditions for an aggregate measure of error in ignition delay times, and over all desired initial conditions and species for an aggregate
measure of error in species profiles. Time, the dependent variable for species curves,
is normalized by the ignition delay so that species errors are completely decoupled
from ignition delay errors.
Figures 3.2a and 3.2b show the DTW errors for every lumped mechanism. In these
figures, the magnitude of the DTW errors for ignition delay and species profiles are
represented by the marker color for every combination of (nR` , nP ). For an easier
understanding, α− and α+ are presented as the corresponding number of selected
lumped reactions nR` and products nP , and all DTW error values are normalized by
the maximum error value found over all (nR` , nP ) combinations.
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Figure 3.2: All DTW errors are normalized and averaged over the range of test
conditions. Errors are plotted as a function of the number of lumped reactions and
the average number of products per lumped reaction.
It is clear from Figure 3.2a that the smallest DTW errors for ignition delay time
predictions are found for lumped models containing more than 1 reaction, as a single
decomposition reaction is not able to predict proper ignitions at all desired conditions.
However, we find that the number of products has a more significant impact on both
error measures in Figures 3.2a and 3.2b, as large gradients in DTW errors are found
along the horizontal axis as the number of products is varied. If too few products are
selected, both ignition and species errors rise drastically, as the products are not fully
able to describe the combustion process. On the other hand, if too many products
are selected, DTW errors rise slightly as species with small production rates can be
over-produced early in the combustion process due to conservation of mass from the
removed large cracking intermediates.
For this case study, we want to select the lumped mechanism with the smallest
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ignition and species DTW errors. From Figures 3.2a and 3.2b, we identify lumped
models with more than 2 lumped reactions and between 6 and 8 products as having
the lowest DTW errors. In order of selection, reactants are n-Dodecane, H, OH,
CH3 , O, and HO2 , and products are H2 , C2 H4 , P-C4 H9 , N-C3 H7 , C3 H6 , C2 H5 , PC4 H8 , and A-C3 H5 . We ultimately select a lumped model which contains 6 lumped
reactions and 7.5 products per reaction on average, corresponding to cut-off values
α− = 0.02 and α+ = 0.2. This model was found to have the smallest DTW errors over
all desired conditions, with lower errors in auto-ignition predictions at temperatures
below 1250K compared to models with fewer reactions because HO2 consumption
was found to be increasingly important at temperatures approaching the negative
temperature coefficient (NTC) region.
Fits to obtain lumped reaction Arrhenius rate parameters for the selected 6reaction model are relatively accurate, as shown in Figure 3.3. In this figure, reaction
rates computed with the law of mass action from concentrations and consumption
rates in the reference data-set are compared to lumped reaction rate curves generated
using the Arrhenius parameters from the 2-parameter Arrhenius fit. Similar fits are
used to obtain all lumped reaction rates and stoichiometric coefficients using data
in the reference data-set. Lumped reaction parameters determined directly from fits
are found in the supplemental material.
The final lumped mechanism which contains the 6 lumped reaction model consists
of 156 species and 1794 reactions. Compared to the detailed mechanism, the number
of species needed to describe the fuel decomposition process is reduced from 27 to 1
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Figure 3.3: Lumped reaction rates computed with the law of mass action applied
to binned data from the reference data-set (markers), compared to lumped reaction
rates computed with Arrhenius parameters obtained from 2-parameter fit (lines)
(n-dodecane), and the number of reactions from 176 to 6. Parameters for the lumped
reactions can be found in the Appendix, Table C.1.

3.9.2

Optimization

Lumped reaction rates and product stoichiometric coefficients are adjusted to minimize the difference in ignition delay time predictions and species profiles generated
by the lumped and detailed mechanisms. Optimization is performed for stoichiometric 0D constant volume auto-ignition cases at 9 initial conditions: T0 = 1100, 1300,
and 1600K at P0 = 1, 5, and 20 atm, selected to span the reference conditions used
to generate the lumped reactions.
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Ignition delays and integrated concentrations of lumped reactants and products
are selected as the desired targets η. Ignition delays are designated as the most
important targets by assigning σ = 0.05, while integrated species concentration
targets are assigned σ = 1. All elements in the uncertainty span vector F are set to
2.0, similar to values used in earlier studies [129, 130]. A step-size α = 0.5 is used
to generate the response surface coefficients. Optimization is performed using the
global derivative-free method ISRES available in the open-source library nLopt [135]
to minimize Φ(x). The ISRES solver is selected as it handles bounds on active
parameters and nonlinear inequality constraints for constraining species.
The final set of optimized reactions are shown in Table 3.1. Arrhenius parameters
are rounded to 2 significant figures, and stoichiometric coefficients are rounded to
4 significant figures except where more precision is needed for elemental balances.
Products with stoichiometric coefficients smaller than 10−4 are removed from the
lumped reactions. Optimization adjusts lumped reaction rates and product stoichiometric coefficients on average by 55%, with the largest changes attributed to the
constraining species which enforce elemental balances. H2 is selected as the H constraining species, p-C4 H8 is selected as the C constraining species, and RH is selected
as the O constraining species in reactions where radical R contains an oxygen atom.
The lumped mechanism containing lumped reactions with optimized parameters
is hereafter referred to as the optimized mechanism, and is available in the supplemental material. The optimized mechanism is compared to the lumped mechanism
and validated with the detailed mechanism and experimental data in the following
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E

→

Reaction
0.7176 C3 H6 + 0.5806 H2 + 2.23995 C2 H4 + 0.4843 C2 H5
+ 0.3353 p-C4 H9 + 1.0191 n-C3 H7

A

n-C12 H26 + H

3.60 × 1015

41.85

n-C12 H26 + O

→

OH + 0.0956 n-C3 H7 + 0.03655 C2 H4 + 0.6733 p-C4 H9
+ 0.2303 C3 H6 + 0.10305 H2 + 2.0515 p-C4 H8 + 0.025 C2 H5

4.46 × 1015

37.43

n-C12 H26 + OH

→

H2 O + 0.0263 H2 + 1.3863 C2 H4 + 0.2455 C2 H5 + 1.5908 C3 H6
+ 0.1632 n-C3 H7 + 0.3299 p-C4 H8 + 0.5387 p-C4 H9

1.90 × 1014

17.19

n-C12 H26 + CH3

→ 1.2021 CH4 + 0.2187 p-C4 H9 + 0.1939 n-C3 H7 + 0.1832 C2 H5
+ 0.5107 C2 H4 + 1.7452 C3 H6 + 0.9295 p-C4 H8

8.79 × 1013

62.74

n-C12 H26 + HO2

→

H2 O2 + 1.5628 p-C4 H8 + 0.2912 n-C3 H7 + 0.5537 p-C4 H9
+ 0.1033 C2 H5 + 0.31835 C2 H4 + 0.6057 C3 H6 + 0.0259 H2

1.74 × 1015

96.38

n-C12 H26

→

1.2912 C3 H6 + 0.0367 n-C3 H7 + 0.014 C2 H5 + 0.38055 C2 H4
+ 0.1226 p-C4 H8 + 1.6842 p-C4 H9 + 0.13255 H2

4.40 × 1016

330.90

Table 3.1: Reactions in the optimized model. Arrhenius parameters are in cm, s,
mol, K, and kJ.
sections.

3.9.3

Assessment of Underlying Assumptions

The quality of the lumped models depend on the accuracy of the fast fuel cracking assumption and the idea that the oxidation of small species governs combustion
phenomena. This assumption allows fuel decomposition reactions in a detailed mechanism to be decoupled from the chemistry in the core sub-mechanism and simplified
into a set of lumped reactions. We further assume that because the details of large
hydrocarbon evolution are of relative unimportance to key combustion phenomena,
the lumped description can contain only the fuel and core species, and the formation
of large hydrocarbon intermediates can be neglected. The lumped fuel decomposition
reactions proposed in [125] also produce small species directly from the fuel, but the
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influence of neglecting large hydrocarbon intermediates is unclear because the model
is derived from experimental data. We therefore dedicate a portion of this section to
examining the difference between species profiles in the detailed and lumped mechanisms. We expect that as the fuel decomposes, mass that would be contained in
large intermediates is instead stored in lumped products. If this mass is accounted
for, species evolution in the detailed and lumped models should be identical. A
final key assessment of the lumping strategy is to examine the formation rates of
core species as computed by the different mechanisms. Lumped reaction parameters
are developed on the basis of predicting core species formation rates from detailed
simulations in the reference data-set, and the ability of the lumped and optimized
mechanisms to predict these values is a measure of the model fidelity.
To determine the accuracy of the fast fuel cracking assumption, we employ a
brute-force sensitivity analysis to determine which reactions control auto-ignition in
the detailed, lumped, and optimized mechanisms. Results of the sensitivity analysis are shown in Figure 3.4 for a constant-volume auto-ignition case with initial
conditions φ0 = 1, T0 = 1400 K, and P0 = 5 atm. Positive sensitivities denote
reactions which promote ignition, and negative sensitivities denote reactions which
inhibit ignition.
Reactions in the detailed model with the greatest influence on autoignition delay
time are indeed contained within the set of core reactions, which supports the fast fuel
cracking hypothesis and agrees with previous findings in Gao et al. [136]. Sensitivity
coefficients of the most influential reactions are very similar for the detailed, lumped,
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and optimized mechanisms, indicating that lumping does not significantly alter core
mechanism kinetics.
Optimized
Lumped
Detailed

H + O2 => O + OH
A-C3H5 + H => C3H6
A-C3H5 + HO2 => C3H5O + OH
C2H4 + OH => C2H3 + H2O
CH3 + HO2 => CH3O + OH
C2H3 + O2 => CH2CHO + O
CH3 + HO2 => CH4 + O2
C3H6 + OH => A-C3H5 + H2O
A-C3H5 + HO2 => C3H6 + O2
HO2 + OH => H2O + O2
-0.4

-0.3

-0.2

-0.1

0

0.1

0.2

Figure 3.4: Sensitivity coefficients of top 10 reactions controlling auto-ignition delay
times for the detailed mechanism, compared to same reactions in the lumped and
optimized mechanisms with initial conditions φ = 1.0, T = 1400 K, and p = 5 atm.
Reaction sensitivity coefficients are computed by adjusting reaction rates by a factor
of 2.0.
Because large hydrocarbon intermediates Sf in the detailed mechanism are neglected in the lumped description, conservation of mass causes an over-prediction
of lumped reaction products Sp in simulations using a lumped description. Ideally,
species profiles generated by the lumped and detailed mechanisms would be identical except for this difference in mass location. To investigate whether the optimized
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model adheres to this ideal scenario, we compare the evolution of mass fractions Y
over time of species from detailed and optimized simulations in Figure 3.5. The fuel
difference curve represents the difference between fuel mass fractions between the two
simulations, and the Sf − Sp curve depicts the sum of the differences in core species
mass fractions for detailed and optimized simulations, minus the additional mass that
will be present in core species for the optimized simulation due to the removed cracking intermediates. The dependent axis is re-scaled by the auto-ignition delay time
so that mass fractions can be compared at similar points in the combustion process.
Mass fraction differences depicted in the figure are normalized by the initial mass
fraction of fuel so that errors are displayed as a percentage of the total hydrocarbon
mass in the system. Differences between the lumped and detailed mechanisms are
found to remain under 8% of the initial fuel mass fraction, indicating that the lumped
reactions represent the detailed fuel cracking process reasonably well. Initially, these
differences can be attributed to a slightly elevated rate of fuel consumption in the
optimized mechanism compared to the detailed mechanism. After 0.3τig , discrepancies are due to increased mass in Sp for the optimized simulation, compared to the
detailed simulation which contains a large network of fuel decomposition reactions
and distributes mass among species not selected as lumped products.
Core species net formation rates due to fuel decomposition reactions are computed
with the lumped and optimized mechanisms, and are compared to formation rates of
the same species computed with the detailed mechanisms in Figure 3.6 to evaluate
the quality of the lumped parameter computation. Net formation rates Cnet,s of a
core species s are computed for simulations run at reference conditions with each of
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Figure 3.5: Percent difference in mass fraction profiles for the fuel F , large hydrocarbon intermediates in Sf and lumped reaction products in Sp for a constant volume
auto-ignition case with initial conditions φ = 1.0, p = 5 atm, and T = 1400 K,
comparing the optimized mechanism to the detailed mechanism. Values are taken
as a percentage of the initial mass fraction of fuel in the system.
the mechanisms as:
Cnet,s =

X

Ċs+

n∈N

−

Ċs−


n

∆tn

(3.21)

where production and consumption rates Ċ + and Ċ − computed for a time-step
∆t are sampled over N entries for each simulation. Data points in Figure 3.6 are
colored by the species formation in the detailed fuel decomposition reactions relative
to species formation in the core mechanism: dark points represent species consumed
or produced exclusively in detailed fuel decomposition reactions, and lighter points
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represent species with low rates of formation in the lumped reactions compared to
the core reactions. The lumped and optimized mechanisms are found to represent the
formation rates of the detailed mechanism well for some species, but over-predict the
rates of formation for others. Outlying rates of formation correspond to C2 H4 , C3 H6 ,
and p-C4 H8 . These species have large concentrations compared to other lumped
products in the reference database and as such are weighted as acceptable to overpredict in the lumped product stoichiometric coefficients fitting step, as mass from
the removed cracking intermediates must be stored somewhere in the lumped products. Optimization serves to improve detailed formation rate predictions, with data
points slightly closer to the y = x line in Figure 3.6b compared to Figure 3.6a.
This indicates that computing lumped reaction parameters based on species formation rates is reasonable, because improved predictions of species formation rates are
correlated with reduced errors in ignition delay time and species evolution.

3.9.4

Lumped Mechanism Validation and Discussion

Auto-ignition delay times of the lumped mechanisms are evaluated at conditions for
which experimental data are available and at conditions used to generate the detailed
reference data-set. Both optimized and lumped mechanisms predict the ignition
delay of n-dodecane-air mixtures well at P = 2.2 atm and 15 atm for a range of
temperatures as shown in Figure 3.7, with experimental data taken from Davidson
et al. [13] and Vasu et al. [14]. For stoichiometric isochor auto-ignition simulations
run at reference conditions, the maximum error in ignition time for the optimized
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Figure 3.6: Core species formation from lumped and optimized reactions compared
to core species formation in detailed fuel decomposition reactions. Data points are
taken from simulations used to create the reference data-set and are colored by
relative magnitude of species formation in the detailed fuel decomposition reactions
compared to species production in core reactions.
mechanism compared to the detailed mechanisms is 17%, with a 6% average error.
The maximum ignition delay error for the lumped mechanism over the same range
of cases is 43%, and the average error is 28%. Similar error levels were observed for
lumped reactions generated at lean (φ = 0.5) and rich (φ = 1.5) conditions.
Laminar flame speeds of 1D freely propagating un-stretched flames computed
with the optimized mechanism also compare favorably with the detailed mechanism
and experimental results, as shown in Figure 3.8 for n-dodecane-air mixtures at p = 1
atm and unburnt flame temperatures Tu = 400K and 470K. At these conditions,
all laminar flame speeds computed with the optimized mechanism are under 3%
error compared to flame speeds computed with the detailed mechanism, with a 0.5%
average error. Maximum and average flame speed errors for the lumped mechanism
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Figure 3.7: Constant volume ignition delays for detailed (solid lines), lumped (dotted
lines) and optimized (dashed lines) mechanisms at high temperatures. Shock tube
experiments (symbols) are by Davidson et al. [13] at P = 2.2 atm for n-dodecane in
Argon at X=400ppm and φ = 1.0, and by Vasu et al. [14] at P=15atm for n-dodecane
in Argon at X=1000ppm and φ = 0.5 with an uncertainty of 10%. Ignition delays
are defined as the time to reach the half-peak of OH.
respectively are 5.7% and 3.7%. Flame speed errors for both lumped and optimized
mechanisms are smaller than the experimental uncertainty, and are also notably
smaller than differences between detailed simulations and experimental predictions.
While the lumped mechanism matches experimental flame speeds better than the
optimized mechanism, both mechanisms were ultimately generated from the detailed
mechanism, and so the detailed mechanism is considered to be the benchmark.
Mole fractions of species present in large quantities are shown for a 0D isochor
auto-ignition case in Figure 3.9 to assess predictions of time-dependent quantities
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Figure 3.8: Comparison of n-dodecane/air laminar flame speeds predicted using the
detailed (solid lines), lumped (dotted lines), and optimized (dashed lines) mechanisms at the conditions corresponding to the experimental data (symbols): p = 1
atm and Tu = 400K (red, [15]), and p = 1 atm and Tu = 470K (black, [16])
for the optimized and detailed mechanisms. The configuration and initial conditions
are chosen to be representative of simulations used to generate the reference dataset. Species mole fractions generated with the detailed mechanism are generally
well-captured by the optimized mechanism, particularly considering the errors in
detailed simulation concentrations of H2 O, n-C12 H26 , C2 H4 , OH, and CO2 compared
to experimental results in [133]. As discussed in Section 3.9.3, species in Sf are
removed in the lumped description which will result in a slight over-prediction of
lumped products due to conservation of mass. This over-prediction is obvious for
C3 H6 , and to a lesser extent for C2 H4 and p-C4 H8 . As expected from previous
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analyses of high temperature n-dodecane decomposition [137], C2 H4 is the most
dominant species produced in cracking reactions. CH4 , a species assumed to be a fuel
decomposition product in [137] and [124], is not selected as a lumped reaction product
due to a low rate of formation in Rf . Nevertheless, CH4 is predicted accurately in
lumped simulations because it is primarily produced in core reactions.
A final validation case for speciation data of non-oxidative n-dodecane pyrolysis
in a plug flow can be found in Appendix C. This data is not included in the present
analysis as the stated objective is to emulate fast oxidative pyrolysis which can be
decoupled from small species oxidation, and pure pyrolysis is outside the range of
conditions used to generate and optimize this mechanism. Even though pyrolysis
conditions are not used in generating the data-set, the errors between species yields
and fuel decomposition rates for the lumped and detailed mechanisms for a plug flow
pyrolysis case are smaller than errors between the detailed mechanism and experimental predictions.
These validation tests demonstrate that the optimized mechanism is slightly
preferable to the lumped mechanism, and that the optimized mechanism predicts
global measures such as flame speeds and ignition delays well compared to the detailed mechanism. Errors in lumped and optimized simulations compared to detailed
simulations are smaller than errors between detailed simulations and experimental
results, and are for the most part within experimental uncertainty.
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Figure 3.9: Comparison of select species profiles obtained using the detailed (solid
line) and optimized (dashed line) mechanisms for a constant volume auto-ignition
case with initial conditions φ = 1.0, p = 5 atm, and T = 1400 K.

3.9.5

Multi-Stage Reduction Strategy

We now integrate the lumping strategy into a more comprehensive reduction procedure. To do so, the detailed and optimized mechanisms are each reduced using the DRG-EP technique [81] until a maximum auto-ignition delay error of
20% is reached for the previously outlined reference conditions, using targets
{n-Dodecane, CO, OH, Heat Release}. We compare the detailed mechanism, the
optimized mechanism, and both mechanisms after being reduced by DRG-EP, called
the reduced-detailed and reduced-optimized mechanisms, respectively.
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Mechanism sizes can be found in Table 3.2, with timing data taken for 0D autoignition simulations at φ0 = 1, P0 = 5 atm, and T0 = 1400 K, run to 0.1ms. Both the
optimized and optimized-reduced mechanisms are smaller and more computationally
efficient than their detailed counterparts. This increase in efficiency can be attributed
both to the reduced dimensionality from removing species and reactions with the
lumping procedure and to reduced stiffness in the optimized model as a result of
simplifying the fast timescales associated with large hydrocarbon intermediates.

Mechanism
Detailed
Optimized
Reduced detailed
Reduced optimized

nS
180
156
66
51

Relative nS
100%
86.7%
36.7%
28.3%

Relative run-time
100%
87%
4.2%
2.0%

Table 3.2: A comparison of mechanisms with and without the optimized (lumped)
model to describe fuel decomposition, before and after reduction with DRG-EP. The
relative number of species and the relative simulation run-times are evaluated in
comparison to the detailed mechanism.

3.9.6

Order of Lumping and Reduction

An important aspect to investigate is whether there is any benefit to reducing the
detailed mechanism before lumping fuel decomposition reactions. To facilitate analysis, we introduce a shorthand notation M to represent different mechanisms. A
subscript R refers to a mechanism reduced by DRG-EP, a subscript L refers to a
mechanism with fuel decomposition reactions replaced by lumped reactions, and a
subscript O refers to a mechanism with optimized reactions. Subscripts will be writ92

ten from left to right with arrows denoting the order that the reduction, lumping,
or optimization was applied. Following this convention, the lumped mechanism will
be referred to as ML , and the optimized mechanism will be referred to as ML→O ,
as reactions were first lumped and then optimized.
To investigate the order of lumping and reduction, the detailed mechanism is reduced with DRG-EP until a 1% maximum error in auto-ignition delay error is reached
over reference conditions, using the same targets as in Section 3.9.5. This mechanism, called MR , contains 85 species and 626 reactions. The fuel decomposition
network in MR contains 14 species and 153 reactions, as the reduction step eliminated 12 species and 17 reactions in the detailed fuel decomposition network. Fuel
decomposition reactions in MR are replaced with a set of lumped reactions to yield
MR→L , and lumped reactions are optimized to yield MR→L→O . Lumped reactions
in MR→L are generated with the set of reference conditions and cutoffs α+ = 0.02
and α− = 0.2 used previously to generate lumped reactions in ML . Lumped reactants and products are the same in MR→L as in ML . Arrhenius parameters are
also within 1% of each other. However, stoichiometric coefficients have values which
are, on average, 71% different from those in the original lumped reactions. This
difference is attributed to the many local minima in the least-squares computation
of product stoichiometric coefficients, so that even slight changes in production rates
and Arrhenius parameters proliferate into large variations in stoichiometric coefficients. Auto-ignition delay errors using MR→L and ML are evaluated with respect
to the detailed mechanism. The average error in ignition delay time using MR→L for
simulations at reference initial conditions is 34%, 28% using ML . The average and
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maximum errors for the same auto-ignition simulations using MR→L→O are 6.6% and
17%, almost identical to the 6% and 17% errors using ML→O . Plots of these errors
can be found in Appendix C, along with lumped and optimized reaction parameters
for MR→L and MR→L→O .
The initial stage of reduction speeds up the lumping and optimization processes
considerably. For instance, computing a target to optimize the lumped model in
MR→L takes 5.9% of the time to compute the same target using ML . Given the
decreased time to generate the lumped and optimized models starting with a reduced
detailed mechanism and the minor differences between predictions computed with
MR→L→O and ML→O , we recommend reducing the mechanism before lumping the
fuel decomposition reactions, or using pre-built reduced component library modules
generated the algorithm introduced in Chapter 2.

3.10

Case study: 2-Component Surrogate Fuel

The lumping methodology is now applied to lump fuel decomposition reactions of
a n-Dodecane and i -Octane (50/50 mol%) surrogate. These species were chosen
because they are frequently used components of hydrocarbon surrogate fuels. The
detailed mechanism is created with a mix-and-match mechanism generator presented
in Narayanaswamy et al. by combining a high-temperature i -Octane sub-mechanism,
high-temperature n-Dodecane sub-mechanism, and the base mechanism containing
C0-C5 species and aromatics, taken from a pre-constructed Component Library [64].

94

All mechanisms contained in this component library have already been reduced to a
skeletal level, and are said to contain only necessary kinetics. The combined detailed
mechanism contains 189 species and 1996 reactions.
Reaction
→ 0.4838 CH3 + 0.61475 H2 + 1.8238 C2 H4 + 0.1851 p-C4 H9 + 0.0758 p-C4 H8
+ 0.2641 C2 H5 + 0.2015 C3 H6 + 0.5073 n-C3 H7 + 0.2124 i -C4 H8 + 0.3302 t-C4 H9

15

3.20 × 10

44.30

SUR + O

→ OH + 0.2072 CH3 + 0.00225 H2 + 5e-4 C2 H4 + 0.1665 p-C4 H9 + 0.4192 p-C4 H8
+ 0.1279 C2 H5 + 1.0881 C3 H6 + 0.1055 n-C3 H7 + 0.5147 i -C4 H8 + 0.3884 t-C4 H9

2.46 × 1015

38.37

SUR + OH

→ H2 O + 0.193 CH3 + 0.0278 H2 + 0.0246 C2 H4 + 0.2284 p-C4 H9 + 0.1945 p-C4 H8
+ 0.0795 C2 H5 + 1.013 C3 H6 + 0.0594 n-C3 H7 + 0.7884 i -C4 H8 + 0.3841 t-C4 H9

1.10 × 1014

18.53

SUR + CH3

→ 0.5407 CH4 + 9.7e-3 CH3 + 0.17405 H2 + 0.5483 C2 H4 + 0.2497 p-C4 H9 + 0.384 p-C4 H8
+ 1.0473 C2 H5 + 0.6992 C3 H6 + 0.2636 n-C3 H7 + 0.4586 i -C4 H8 + 2e-4 t-C4 H9

2.71 × 1014

79.72

SUR + HO2

→ H2 O2 + 0.1411 H2 + 0.3997 C2 H4 + 4.3e-3 p-C4 H9 + 0.4839 p-C4 H8
+ 0.3958 C2 H5 + 0.4146 C3 H6 + 0.3172 n-C3 H7 + 1.0647 i -C4 H8 + 5e-4 t-C4 H9

2.87 × 1015

107.32

SUR

→ 0.1177 CH3 + 0.2028 H2 + 0.0523 C2 H4 + 0.4528 p-C4 H9 + 0.1394 p-C4 H8
+ 0.3762 C3 H6 + 0.2592 C2 H5 + 0.1413 n-C3 H7 + 0.7111 i -C4 H8 + 0.6234 t-C4 H9

1.72 × 1016

310.82

SUR + H

A

E

Table 3.3: Reactions in the optimized surrogate model. Arrhenius parameters are in
cm, s, mol, K, and kJ.
The reference data-set is again generated with stoichiometric 0D isochor autoignition simulations, at initial temperatures between 1100 and 1600 K and pressures
between 1 and 20 atm. Selected cutoffs α− = 0.02 and α+ = 0.1 yield 6 lumped
reactions with 10.2 products per reaction on average. Lumped reaction parameters
for this case are presented in Appendix C. Lumping reduces the detailed mechanism by 31 species and 246 reactions, and results in a 158 species, 1750 reactions
lumped mechanism. Optimization is performed with the same targets as in Section 3.9.2. Parameters for the optimized reactions are shown in Table 3.3, with
the n-dodecane/i -octane fuel surrogate denoted by a single “SUR” species. Lumped
model products include species formed by both pure i -octane and n-dodecane. The
mixing rules used to compute the thermochemical and transportation parameters of
the surrogate blend are presented in Appendix B, and final values of these parameters
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can be found in Appendix C.

3.10.1

Surrogate Lumped Mechanism Validation

Compared to the detailed mechanism at conditions used to generate the lumped
reactions, the maximum ignition delay error for the lumped mechanism is 38%, and
the average ignition delay error is 19%. After optimization, the maximum ignition
delay error is 13.8%, and the average is 6.9%.
Validation of laminar flame speeds for the surrogate mechanism comparing the
lumped, optimized, and detailed models can be found in Figure 3.10.
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Figure 3.10: Comparison of laminar flame speeds for the surrogate (50% n-dodecane
/ 50% i-octane) in air, predicted using the detailed (solid lines), lumped (dotted
lines), and optimized (dashed lines) mechanisms at p = 1 atm and Tu = 400K (red),
and p = 1 atm and Tu = 470K (black)
If equivalence ratios are varied to represent lean and rich mixtures beyond the
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conditions used to derive the lumped scheme, ignition delay curves for the lumped
and optimized mechanisms are still found to match the predictions generated by the
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detailed mechanism, as shown in Figure 3.11.
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Figure 3.11: Ignition delays of 0D isochor cases for n-Dodecane/i -Octane surrogate
at varied equivalence ratios and initial temperatures and pressure conditions used
to generate reference data-set. Solid lines are detailed mechanism, dotted lines are
lumped mechanism and dashed lines are optimized mechanism.

97

Additional validation cases can be found in Appendix C. As in the previous case
study, lumped and optimized models perform well for all tested metrics.
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CHAPTER 4
APPLICATIONS

In Chapters 2 and 3, two algorithms were presented to facilitate the automatic
generation of reduced-order models for multi-component fuels: the first one to efficiently construct a reduced model for any fuel component or blend of fuel components,
and the second one to combine single- or multi-component fuel decomposition reactions into a limited number of lumped reactions. In this chapter, several applications
of these two methods are discussed.
In the first application, reduced-order models for a n-dodecane/iso-octane mixture are constructed with the algorithm presented in Chapter 2, using various canonical problems commonly selected by the reduction community to sample compositions
and inform kinetic mechanism reduction. A subsequent analysis of reduced-order
model contents provides insight regarding configurations useful for constructing a
model relevant to complex combustion configurations.
In the second application, a compact reduced-order model is generated for a multicomponent jet fuel surrogate. Starting from a kinetic mechanism constructed with
the component library approach, multi-component fuel decomposition chemistry is
replaced with a compact lumped model, using the algorithm described in Chapter 3.
Subsequent stages of reduction including DRGEP, sensitivity analysis, and application of the quasi steady-state approximation bring the model to a tractable size for
use in realistic applications.
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4.1

Assessing the Influence of the Canonical Problem used to
Derive Reduced-Order Models

A commonly accepted protocol for generating reduced models is to select a canonical problem, sample the evolution of chemical states while numerically solving that
problem, inform model reduction with the sampled information, and validate the
behavior of the reduced model in the target problem against results obtained from
experiments or computed with a detailed kinetic description. Sometimes, validation
is extended to canonical problems not used to inform reduction, but that is not
always the case.
Canonical configurations often used to inform mechanism reduction include zerodimensional (0D) cases such as perfectly-stirred reactors (PSR), which can provide
information regarding flame extinction and steady-state characteristics, and homogeneous reactors, where gases evolve in time from unburnt to burnt, which can provide insight into chemistry important for ignition. These configurations are perhaps
the most common ones employed in reduced kinetic mechanism generation, as 0D
problems are relatively fast and straightforward to compute [138]. Once a reduced
model is accurate for 0D target problems, its predictive performance is then typically assessed for more computationally demanding problems. These can include
one-dimensional (1D) cases such as unstretched freely-propagating, counter-flow, or
burner-stabilized flames, where the chemical trajectories evolve in space [139]. If a
reduced model can successfully predict desired features for 1D configurations, where
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a range of compositions are probed and both convective and diffusive transport are
considered in the governing equations, the model is typically assumed to be adequate
for application in turbulent combustion problems [140].
The goal of the work here is to investigate this assumption as we construct
reduced-order models for a multi-component n-dodecane/iso-octane mixture, relevant for turbulent combustion conditions. We will start from the lumped model
defined in Chapter 3 and generate a reduced mechanism by identifying and adding
important reactions in increasingly complex configurations. This gives us the opportunity to:

• Demonstrate implementation of the building algorithm in configurations other
than a 0D reactor,
• Assess the types of reactions deemed important for various canonical problems,
and
• Provide guidelines regarding configurations that should be considered when
constructing a reduced model relevant for a wide range of combustion regimes.

4.1.1

Combustion Regimes

Three canonical problems are chosen as development and validation frameworks for
the reduced models. In order of increasingly complex geometries and increasing
computational demands, these are auto-ignition in 0D isochor reactors, 1D
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premixed freely-propagating laminar flames, and a partially stirred reactor (PaSR). These problems are selected as they are frequently utilized to inform
mechanism reduction for various applications. While perfectly-stirred reactors (PSR)
also often guide reduction, mechanisms produced by sampling both PSR and autoignition cases are not substantially different from mechanisms produced exclusively
from auto-ignition cases, because auto-ignition chemistry is significantly more complex than steady-state high temperature chemistry in a PSR [138, 141]. As a result,
the only 0D case we consider here is that of auto-ignition in an homogeneous isochor
reactor. Moving to higher dimensions, we consider 1D premixed laminar flames,
as these flames provide fundamental information regarding mixture diffusivity and
flame structure, and are useful in the context of tabulated chemistry and flamelet
models [142–144]. A PaSR is also considered as it provides a dense sampling of compositions and is directly relevant to simulations of turbulent combustion, particularly
those employing a PDF description [97, 145].
For each problem, the defining characteristics are first outlined and the implementation of the building algorithm is then described. All simulations of canonical
problems are performed using Cantera [94]; therefore, all descriptions of assumptions
and numerical methods refer to that framework.

Auto-Ignition in a 0D Isochor Reactor

This problem is used to capture the unsteady evolution of gases as the chemical
trajectory spontaneously proceeds from an unburnt to a burnt state. States are
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advanced in time according to conservation equations for each chemical species and
an energy variable, here the temperature. All convective and diffusive terms in the
conservation equations are neglected, the gas is assumed to be ideal, and the reactor
is assumed to be adiabatic, with no mass flow into or out of the system.
To simulate this problem, a user must specify an initial state (e.g., initial species
mass fractions, pressure and temperature) and a simulation end criterion. Time
intervals between successive state evaluations can be defined explicitly by the user
or adaptively evaluated based on numerical tolerances.
Implementation of the building algorithm in a 0D isochor reactor configuration
is described in Chapter 2.

1D Freely-propogating Premixed Laminar Flames

A freely-propogating pre-mixed laminar flame describes a localized combustion zone
propagating at some characteristic velocity from unburnt to burnt gases. To simplify the numerical problem, the flow domain is assumed to be one-dimensional, and
boundary conditions are prescribed such that the flow remains steady. Gases are
assumed to be ideal, and adiabatic, constant pressure conditions apply.
In Cantera, this boundary value problem is computed with the Newton method,
which is coupled with automated grid refinement to better resolve flow features, and
time-integration procedures to facilitate solution convergence. The flame solution
is governed by equations for continuity, species, and energy, in which both convec103

tive and diffusive transport are considered. Inlet compositions are specified at the
boundary upstream of the flame; zero-gradient boundary conditions on temperature
and mass fractions (or equivalent variables) are applied downstream [146].
The building algorithm is implemented for this problem as follows:

1. To initialize the building procedure, the user must define the state of the unburnt gas, a set of targets {T } with which to evaluate reaction importance, a
threshold ε to categorize a reaction as important or unimportant, and a seed
mechanism (optional) with reactions and species that will automatically be
included in the core model, MC .
2. The flame solution is evaluated using the test model Mtest with Newton’s
method.
3. The flame grid is partitioned into a small number of spatial intervals (in this
work, 25). Progress rates, evaluated from the solution at every grid point, are
filtered over each of these intervals.
4. DRG-EP scaling coefficients are computed for each interval to obtain the maximum scaling coefficient over the entire domain.
5. DRG-EP reaction coefficients R̄r are computed at each interval for every edge
reaction i ∈ δM.
6. An edge reaction i is added to the core model if R̄ri > ε in any interval. Edge
and test models are then updated according to the new core model contents.
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7. If reactions were added to the core model in Step 5, the process is repeated
from Step 2 using the updated test model to compute the solution. However, if
no reactions were added to the core in Step 5, the building process is complete,
and the resulting core mechanism is deemed suitable for the premixed flame
configuration under consideration.

Partially-stirred reactor (PaSR)

In a partially-stirred reactor, the compositions of np particles evolve over time, with
governing equations for species mass fractions and temperature updated by reaction and pairwise mixing steps. Multiple inlet streams feed the reactor, randomly
replacing particles in the reactor with inlet stream compositions. A more detailed
description of the equations governing particle state evolution is available in [97]. In
the following work, it is assumed that isobaric and adiabatic conditions apply.
Implementation of the building algorithm for this problem is very similar to that
of the 0D auto-ignition case: the reduced model is iteratively constructed as the
simulation time-step is advanced. The only differences between implementation in
this case and the 0D auto-ignition case are:

1. To initialize the procedure, the user must define the number of particles, their
initial states, and the compositions and flow rates of the inlet streams. The user
must also initialize the relevant PaSR timescales, defined in [97], which include
the pairing time, the mixing time, the residence time, and the simulation time

105

step.
2. Progress rates are not filtered over states sampled in an interval [t, t + ∆t] as
they are for the 0D reactor building procedure. Instead, instantaneous rates,
evaluated after each reaction sub-step, are used to compute DRG-EP reaction
coefficients for every particle.
3. At time t + ∆t, if an edge reaction has a DRG-EP coefficient, evaluated for
any particle, which exceeds the user-defined threshold, it is added to the core
model. Test and edge models are updated based on the new core contents,
then all particle states are reset to their previous states at time t.

4.1.2

Methodology

Starting from a seed model consisting of the 6 optimized lumped reactions derived in
Chapter 3 for the 50% n-dodecane/50% iso-octane (mol %) surrogate, key reactions
are systematically identified and added to generate reduced models using increasingly
complex test cases, as shown in the schematic in Figure 4.1. Key reactions are
selected if their DRG-EP coefficients exceed the threshold ε = 0.0075, where DRGEP coefficients are computed with respect to fuel, heat release, OH, and CO targets.
Initial and boundary conditions for each set of test cases and the mechanisms used
to validate the reduced models are described below.
Initial conditions for 0D auto-ignition test cases include surrogate fuel/air mixtures with equivalence ratios between 0.5 and 2, pressures between 1 and 20 bar, and
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Figure 4.1: Schematic demonstrating the sequence of test cases (outlined boxes),
which are performed in order from left to right. Models (blue text), output by a
given test case, are used as a seed for the subsequent test case. The rationale behind
this procedure is to identify missing components in models built with simple test
cases, applied to more complex problems.
temperatures between 1100 and 1600K. Simulations are run until time t = 1.5τig ,
where τig is the ignition delay time corresponding to the current simulation, computed
as the maximum rate of change of temperature. The reduced model constructed using these cases is hereafter referred to as the Auto-Ignition Built model, or MAI . As
an additional note, the threshold used to identify important reactions was selected
from these test cases - the maximum ignition delay error in an Auto-Ignition Built
model constructed with ε = 0.0075 is below 5%.
Two unburnt flame temperatures are selected for the 1D premixed flame test
cases: 300K and 400K. Inlet equivalence ratios of the surrogate fuel/air mixture
range between 0.6 and 1.4, and the pressure is atmospheric everywhere in the domain.
The reduced model constructed from these cases is called the Premixed Flame Built
model, or MP F .
For the PaSR test case, three inlet streams feed the reactor: pure air, pure
fuel, and a pilot. The composition of the pilot stream is set to the equilibrium
composition corresponding to a stoichiometric fuel/air mixture. Inlet compositions
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(mass fractions Y and temperature T ) and normalized mass flow rates ṁ are specified
in Table 4.1. Other parameters, including the reactor pressure, number of particles,
and necessary timescales are shown in Table 4.2. All particles are initialized with the
composition of the pilot stream. The reactor reaches a statistically steady state after
about five residence times. We therefore choose to build reduced models over the
first unsteady five residence times, and validate the reduced models for statistically
steady-state behavior after the fifth residence time. The reduced model constructed
using this test case is referred to as the PaSR Built model, or MP aSR .
Parameters
ṁ [kg/s]
T [K]
YSU RR
YO2
YN2
YH2 O
YCO2

Air
0.8438
300
0
0.233
0.767
0
0

Fuel
0.0562
300
1
0
0
0
0

Pilot
0.1
2282
0
0
0.76
0.08
0.16

Table 4.1: Inflow stream parameters for the PaSR case. ṁ is the normalized flow
rate, T is temperature, and Yi is the mass fraction of species i.
Parameters
Pressure [bar]
Number of particles
Pairing time [ms]
Mixing time [ms]
Residence time [ms]
Time step [ms]

Values
1
100
1
1
10
0.1

Table 4.2: Simulation parameters for the PaSR test case
Two mechanisms are employed to validate the reduced models: a Detailed model,
MD , created by combining the high-temperature n-dodecane and iso-octane sub108

mechanisms from the Component Library [64], and a Lumped model, ML , similar
to the detailed model, except that all n-dodecane and iso-octane fuel decomposition
reactions are replaced by the 6 optimized lumped reactions defined for the surrogate
blend. MD contains 189 species and 1049 reactions, with neat fuel sub-mechanisms
already in compact form for inclusion in the component library. ML contains 158
species and 1009 reactions. Validation is performed for the same test cases and
conditions used to construct the reduced models.

4.1.3

Results

Summary

The number of species and reactions in each of the reduced models is presented in
Table 4.3, along with a comparison of all reduced model performances. Metrics to
quantify model performances include the ignition delay time, τig , evaluated in 0D
auto-ignition cases; flame speeds, SL , evaluated in 1D premixed flame cases; and
finally, temperatures, T , and fuel mass fractions, YSU RR , evaluated in the PaSR test
case and averaged over all particles in the reactor. All values are presented as percent
errors, where the error is computed with respect to ML . This is done to separate
errors induced by building reduced models from errors induced by lumping, enabling
a direct comparison of reduced models built in different test cases.
From Table 4.3, it is clear that all reduced models - MAI , MP F and MP aSR -
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nS

nR

72
73
95

309
322
408

Auto-Ignition MAI
Premixed Flame MP F
PaSR MP aSR

τig % Error
Max Avg
4.8 1.85
5.1
1.9
4.4
1.7

SL % Error
Max Avg
6.3
2.4
2.9
2.0
3.0
2.1

hYSU RR i
Max
5.5
1.3
0.88

% Error
Avg
1.6
0.4
0.2

hT i %
Max
0.78
0.37
0.54

Error
Avg
0.24
0.16
0.15

Table 4.3: Summary of the number of species nS, the number of reactions nR, and
percent errors of select quantities obtained with the various models, evaluated with
respect to the lumped model ML predictions. Ignition delay times, τig , are computed
with 0D auto-ignition test cases, flame speeds, SL , for 1D premixed flame test cases,
and fuel mass fractions, YSU RR , and temperatures, T , averaged over all particles over
the domain for PaSR test cases.
predict almost identical ignition delay times, with maximum errors in ignition delay
near 5% and average errors below 2%. For flame speeds and PaSR compositions,
MP F and MP aSR yield similar results. Notably, MAI does not perform as well as
the other reduced models in 1D premixed flame and PaSR test cases, as evidenced
by the increase in error in flame speeds and PaSR compositions for the MAI model
by a factor of nearly 2.
To provide additional context to analyze the differences between the test cases,
Figure 4.2 depicts all sampled fuel mass fractions and temperatures. As one might
expect based on problem formulation and user-specified conditions, 0D auto-ignition
cases exclusively sample high temperatures, while 1D and PaSR cases access a wide
range of temperatures. For 1D and 0D cases, the range of accessed fuel mass fractions
is limited because the fuel and air are premixed. In contrast, PaSR test cases sample
a wide range of fuel mass fractions and non-equilibrium compositions.
Variations in the sampled state space play a significant role in the contents of
reduced models. For instance, in Figure 4.3, we see that reactions added to reduced
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Figure 4.2: Scatter plot of fuel mass fractions versus temperature sampled in each
of the test cases.
models during the 0D auto-ignition and 1D premixed flame test cases primarily
contain C0 -C4 species, while reactions added during the PaSR test case contain
species with carbon numbers more evenly distributed between C0 and C6 (species
with larger carbon numbers were largely removed from the detailed mechanism in
the lumping step and thus are not considered). These differing key reactions and
the conditions that give rise to them will be explored in more depth in the following
sections.

Building with 0D auto-ignition test cases

From the 0D auto-ignition test cases, a total of 52 species and 303 reactions are
added to a seed model consisting of 6 optimized lumped reactions, resulting in an
Auto-Ignition Built model MAI with 72 species and 309 reactions.
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Figure 4.3: Normalized histograms of the number of species with a given carbon
number appearing in each added reaction from the 0D auto-ignition, 1D premixed
flame, and PaSR test cases.
A significant portion of species and reactions (81% and 62%, respectively) necessary to predict ignition are identified as important during the first test case, performed with initial temperature T0 = 1100K, pressure P0 = 1 bar, and equivalence
ratio φ0 = 0.5. The average number of carbon atoms of species added for this test
case is 2.3, close to the 2.1 average of the lumped reaction products. Hydrocarbons
added in subsequent test cases have a larger number of carbon atoms, 3.2 on average, and most are identified at larger equivalence ratios (φ > 1). Increasing the
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initial temperature and pressure is found to have a lesser influence on reduced model
contents, regardless of the order in which cases are performed.
Ignition delay times evaluated at stoichiometric conditions and various initial
pressures and temperatures with MAI , the lumped model ML , and the detailed
model MD are shown in Figure 4.4. MAI captures the ignition behavior of ML quite
well - the curves are virtually indistinguishable in the figure. Predictions generated
by MAI at lean (φ0 = 0.5) and rich (φ = 1.5, φ = 2) conditions are also comparable
to those computed with ML .

τig [s]

10−3

P = 1bar
P = 10bar
P = 20bar

10−4
10−5
0.6

0.7

0.8

T [K]

1000/

0.9

Figure 4.4: Ignition delay times τig computed with MD (symbols), ML (solid lines),
and MAI (dashed lines), at isochoric and stoichiometric conditions and various temperatures. Ignition delay time is defined as the time at which the maximum rate of
change of temperature occurs.
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Building with 1D premixed flame test cases

In 1D premixed flame cases, only 1 species and 13 reactions are added to MAI used
as seed, leading to a model MP F consisting of 73 species and 322 reactions. Laminar
flame speeds computed with MP F are in good agreement with those computed with
the lumped and detailed models, as demonstrated in Figure 4.5.

80
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60
40
20
0

T = 300.0 [K]
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1.0
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Figure 4.5: Un-stretched laminar flame velocities SL computed over a range of equivalence ratios with MD (symbols), ML (solid lines), and MP F (dashed lines) models.
All simulations are performed at atmospheric pressure.
As shown in Table 4.3, the inclusion of these 13 reactions in MP F causes a notable
reduction in both flame speed and PaSR errors compared to predictions obtained
with MAI . The importance of these reactions is further revealed in a local flame
speed sensitivity analysis performed with the lumped model ML . In this sensitivity
analysis, the effect of varying reaction rate coefficients by 1% on the flame speed
response is measured at atmospheric conditions and an equivalence ratio of 1.4. Two
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of the added reactions have large sensitivity coefficients: 2CH3 O → CH2 O + CH3 OH
is in the top 25 most sensitive reactions of ML , and CH3 O2 + H → CH3 O + OH is in
the top 40. To identify why these reactions are identified as key reactions by the premixed flame and not by explosive auto-ignition problems, we analyze the conditions
where reactions are identified as important in the premixed test cases. One common
theme emerges: DRG-EP coefficients of added reactions exceed the threshold exclusively at flame temperatures below 750K. This trend substantiates conclusions drawn
in Zsely et al. [147], who applied principle component analysis to hydrogen oxidation
in various configurations, and found that diffusion plays a limited role on reaction
importance in laminar flames. Instead, differences in reaction importance between
0D auto-ignition and 1D premixed laminar flames are highly dependent on species
concentrations at low temperatures. These findings could also indicate why the MP F
model is better than the MAI model at predicting temperatures and mass fractions
in a PaSR: PaSR cases sample a similar low-to-high temperature range as premixed
flame test cases, while auto-ignition cases exclusively sample high temperatures.

Building with a PaSR test case

Lastly, for the PaSR test case, 22 species and 86 reactions are added to the seed
model, MP F , to generate the PaSR Built model MP aSR . Figure 4.6 displays the
evolution of temperature and select species mass fractions in the PaSR after it has
reached a statistically steady state, as computed with MD , MP F , and MP aSR . It
is clear from the figure (and from Table 4.3) that MP aSR does not offer significantly
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more accurate predictions of temperature or species mass fractions compared to
MP aSR despite containing additional species and reactions. Consequently, a relevant
question to consider is why so many additional reactions are identified and added to
MP aSR .
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Figure 4.6: Evolution of select quantities as a function of time in a partially stirred
reactor computed with MD (solid lines), MP F (dashed lines), and MP aSR (dotted
lines) after the reactor has reached steady state. Temperatures and mass fractions
are averaged over all particles in the reactor.
To answer this question, we again investigate conditions at which key edge reactions are identified and added to the reduced model. All are selected in the first three
116

intervals, while the reactor has not reached a statistically steady state. However, no
clear trends emerge regarding temperatures or compositions at which DRG-EP coefficients for edge reactions exceed the threshold. Furthermore, DRG-EP coefficients of
added reactions are small, and none exceeds 0.1. These findings suggest that added
reactions are an artifact of small perturbations in particle compositions and numerical noise, which can play a more significant role in DRG-EP coefficients evaluated
with instantaneous rather than integrated production rates. A reasonable conclusion
is therefore that the additional reactions in MP aSR do not correspond to distinctly
altered chemistry in the PaSR compared to that in 1D flames.

CPU timing

In this application, a bottom-up approach is taken to construct reduced models.
Unlike most reduction strategies follow a top-down approach using detailed simulation data to identify species and reactions that can be removed from the detailed
mechanism, a bottom-up approach employs a reduced description, also referred to as
a test model, to dynamically identify and assemble key kinetic pathways into a reduced mechanism during canonical simulations. In this section, computational gains
of using a bottom-up approach rather than a top-down approach are demonstrated
for each of the test cases featured in this study.
Timing results for each of the test cases are shown in Figure 4.4. Three primary
metrics for comparing the efficiency of a bottom-up approach versus a top-down
approach have been selected:
117

• The ratio tbuild /treduce , where tbuild is the total CPU time needed to build a
reduced model for some given configuration, and treduce is the CPU time needed
to simulate those configurations with the reference model, ML , and evaluate
the corresponding DRG-EP coefficients for reactions. treduce is used here as an
estimate of the time needed to reduce a model using a top-down strategy.
• The ratio nStest,max /nSlumped , which provides context regarding the size of each
test model with respect to ML . In that expression, nStest,max is the maximum
number of species in a given test model, and nSlumped is the number of species
in ML .
• Finally, trecompute /tbuild , which is the ratio of the CPU time spent re-evaluating
states after re-initialization, which occurs whenever key reactions are identified
and added to reduced models, versus the total CPU time required to run those
configurations.

0D auto-ignition test cases
1D premixed flame test cases
PaSR test case

nStest,max /nSlumped
0.69
0.70
0.77

tbuild /treduce
61 %
74 %
80 %

trecompute /tbuild
7.5%
25 %
8.2 %

Table 4.4: Efficiency of the bottom-up approach for each set of configurations.
nStest,max /nSlumped is the maximum number of species considered in the test model,
divided by the total number of species in the ML . tbuild /treduce is the ratio of CPU
time to build each model, compared to the time needed to perform a top-down reduction. trecompute /tbuild is the fraction of CPU build time spent re-computing solutions
after reactions have been added to the core model.
For all considered cases, a bottom-up approach requires between 60% and 80%
of the CPU time of a top-down approach. Additional reduction in CPU time could
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be gained by using a larger important reaction threshold ε, which decreases the size
of the core mechanisms, thereby decreasing the size of the test mechanisms as well.
Computational savings derived from a bottom-up approach would also increase if the
reference model, ML , had a large number of redundant species and reactions - ML
is already rather compact as it consists of pre-reduced high temperature component
library sub-mechanisms and contains lumped fuel decomposition reactions.
Reduction in simulation run-time achieved by the top-down approach is hindered
by state re-evaluations after important reactions are added to the reduced model.
As shown in Table 4.4, the fraction of CPU time spent re-evaluating states differs
for each set of test cases. For 0D auto-ignition test cases, reactions are frequently
added in bulk near the beginning of a simulation and at ignition, limiting the time
spent re-evaluating states. For PaSR test cases, randomized variations in particle
compositions cause reactions to be primarily added one-by-one at different timesteps, increasing the time spent re-evaluating states. For 1D premixed flame test
cases, the entire flame solution is re-computed whenever the test model is altered.
The time spent recomputing solutions for a 1D flame simulation could therefore be
decreased by initializing the flame from a previous solution whenever key reactions
are added to the reduced model.

Towards highly reduced models

In Lu et al. [148], reduced models were generated with 0D PSR and auto-ignition
cases. Ignition delay times computed with the reduced models displayed no observ119

able error with respect to the detailed GRI-3.0 mechanism [11] from which reduced
models were derived, and errors in predictions of laminar flame speeds and species
mass fractions were below 10%. As a result, the author concluded that models derived
for 0D conditions can be successfully applied in 1D flame problems. This approach
has since been used in numerous applications [138, 149–151] where models have been
derived exclusively with zero-dimensional cases. Indeed, models reduced with 0D
simulation data are sometimes assumed to be appropriate for use in engine-relevant
simulations without validation in 1D diffusive flame systems (e.g. [152]).
While this strategy has worked well for reducing mechanisms with small userdefined thresholds and tight error constraints on 0D combustion target predictions, as
was demonstrated in [148], it may not work well for generating highly reduced models.
Consider for example MAI , which is derived from data sampled in 0D cases, and
performs reasonably well at predicting laminar flame speeds in a 1D configuration.
If a new MAI is constructed with an increased threshold, ε = 0.01, errors in ignition
delay times remain minimal. Notably, laminar flame speed predictions evaluated with
the new MAI diverge more significantly from predictions generated with MD , with
differences exceeding 6 cm/s at rich conditions, as shown in Figure 4.7. Compared to
predictions generated with ML , the maximum error in laminar flame speed jumps to
an unacceptable 17.6%. However, building reactions onto this model in 1D premixed
flame test cases with the same threshold, ε = 0.01, results in the addition of only
11 reactions and reduces error in laminar flame speed predictions from 17.6% to 5%,
highlighting the importance of considering premixed flame cases to inform reduction
of a model valid at those conditions.
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Figure 4.7: Comparison between results obtained by the detailed model (symbols)
and an Auto-Ignition Built model (solid lines) constructed with threshold ε = 0.01.

4.1.4

Concluding Remarks

Several key insights can be derived from this work.
First, reduced models constructed in 0D canonical problems must be validated
for conditions similar to those for which the model will be applied - there is no
guarantee that a model that works well in a 0D problem will work well in more
complex problems, particularly if the model is highly reduced.
Second, if DRG-EP coefficients are used to select reactions and species to include
in a reduced model, and the reduced model will be applied in diffusive flame conditions, sampling rates from both 0D and 1D simulations is preferable compared to
sampling rates exclusively from 0D auto-ignition problems.
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Third, reduced models MAI and MP F , generated with 0D auto-ignition and
1D premixed flame test cases respectively, contained far fewer species and reactions
than the reduced model, MP aSR , constructed with the PaSR test case. Furthermore,
MP aSR did not predict particle compositions in a PaSR any better than MP F . As
the large number of reactions added in the PaSR test case appears to be a result of
numerical noise and small perturbations in composition space, we strongly recommend applying some form of filtering (e.g., using integrated rather than instantaneous
rates) whenever possible for evaluating DRG-EP coefficients so as to not mis-identify
dominant chemistry.
On a final note, reduced mechanisms constructed for the n-dodecane/iso-octane
surrogate in this application retain upwards of 70 species, and as such are rather
large for use in simulations of complex flows. However, alternative reduction strategies such as DRG-EP species elimination, sensitivity analysis, isomer lumping, and
quasi-steady-state (QSS) species have not yet been considered. Application of these
strategies can yield further reduction, permitting use of multi-component real-fuel
surrogate models in more complex geometries. This will be the focus of the following
application.
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4.2

Generating a Compact Reduced-Order Model for a JetFuel Surrogate

Due to the high computational expense associated with finite-rate chemistry, most
kinetic mechanisms used to simulate complex flows have been restricted to singlecomponent fuels and small hydrocarbons. For example, since the year 2000, LES simulations of complex geometries and realistic combustor configurations have employed
mechanisms containing between 8 and 57 species, and have primarily focused on hydrogen and methane combustion [153]. Indeed, the simulations performed in [153]
using a lumped jet fuel decomposition description generated with HyChem [124]
were some of the first to describe both the evaporation and combustion of a realistic multi-component fuel in a complex configuration: a lean direct injection (LDI)
combustor. However, as previously mentioned, deriving a HyChem model requires
experimental data to calibrate lumped reaction parameters and manual selection of
fuel pyrolysis products. Using the lumping approach presented in Chapter 3, we can
efficiently identify similar lumped reactions to describe the decomposition of various
fuel blends directly from numerical simulations, facilitating the analysis of current
and emerging fuel blends and additives.
As a final application, a compact reduced-order model is created to describe the
high-temperature combustion of a jet fuel surrogate. By lumping fuel decomposition
reactions and applying a multi-stage reduction strategy, a reduced model is obtained
in a fully-automatic fashion with a sufficiently small number of species and reactions
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so that it could be used to predict finite-rate chemistry in computationally expensive
simulations.

4.2.1

Surrogate Description and Detailed Mechanism

Jet fuel can refer to numerous blends including JP-8, used for military applications,
and Jet-A, used for commercial purposes. Similar to other transportation fuels, jet
fuel is a mixture of hundreds of molecular components, and its exact composition
can be quite diverse [64].
In this study, we employ a pre-formulated jet fuel surrogate [7]. Surrogate components are selected based on availability of detailed kinetic mechanisms to represent
the major hydrocarbon classes of jet fuels: n-dodecane to represent paraffins, methylcyclohexane to represent napthenes (also known as cyclic paraffins), and m-xylene
to represent aromatics.
The composition of the surrogate was initially formulated in [64] to match the
heating value, molecular weight, reactivity, and sooting tendency of an average jet
fuel. Subsequently, the composition was optimized in [7] to match experimentally
obtained ignition delay times and flame speeds for Jet-A. The final surrogate contains
43.735% n-dodecane, 34.375% methyl-cyclohexane, 21.875% m-xylene by mol%, and
its composition and properties are compared to POSF 4658 in Table 4.5, as POSF
4658 represents an average composition of Jet-A.
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Formula
Molecular weight
[g/mol]
H/C ratio
CN
TSI
Composition (vol %)
Aromatics
Linear paraffins
Cyclic paraffins

Jet-A (POSF 4658)
C10.174 H19.913

Jet Fuel Surrogate
C9.4 H18.4

142 ± 5

131

1.957
47.1 ± 0.3
21.4

1.95
56.5
14.1

∼20%
∼60%
∼20%

15.8% m-Xylene
58.5% n-Dodecane
25.7% methyl-cyclohexane

Table 4.5: Properties of POSF 4658 [4–6] and the jet fuel surrogate [7] used in this
study.
A detailed kinetic mechanism for this surrogate is constructed with the component
library approach by combining base chemistry and high-temperature n-dodecane,
methylcyclohexane, and m-xylene mechanisms, which were extensively validated
against experimental data in [64] for each neat component and for the initial formulation of the surrogate blend. The resulting detailed mechanism consists of 226
species and 1362 reactions (forward and backward reactions are counted as a single
reversible reaction).

4.2.2

Reduced-Order Model Generation

To generate a reduced model from the detailed kinetic mechanism, the following
steps are taken:

1. Fuel decomposition reactions are first replaced with lumped reactions and large
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hydrocarbon intermediates are removed.
2. Species and reactions are removed based on their DRG-EP coefficients. Isomer
lumping and DRG-EP-aided sensitivity analysis are then applied to further reduce the remaining species set. This reduction step is performed automatically
using the Arcane software package [87].
3. Quasi-steady-state species are automatically identified using the Arcane software package [87].

Previously in this work, lumped reactions were generated by assuming that fuel
molecules decompose rapidly at high temperatures and that fuel decomposition chemistry can therefore be decoupled from small species (C0 - C4 ) oxidation, and subsequently lumped. While this works quite well for aliphatic fuels, the aromatic jet fuel
surrogate component m-xylene decomposes slowly, as shown in Figure 4.8, due to
a resonance-stabilized unsaturated ring, which largely does not crack to form small
hydrocarbons. As a result, most hydrocarbon products derived from m-xylene have
carbon numbers greater than or equal to 6. According to the lumping approach
outlined in Chapter 3, if m-xylene is a component of the lumped fuel molecule,
these products would be classified as large hydrocarbon intermediates and would be
entirely removed from the kinetic mechanism. Furthermore, m-xylene has a nearunity H/C ratio, so including it in the lumped surrogate fuel could pose a problem
for maintaining element balances in lumped reactions - most C0 - C4 products have
H/C ratios greater than or equal to 2. As other aromatics also decompose slowly and
have near-unity H/C ratios, a reasonable conclusion is that some form of an aromatic
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product is needed in a lumped reaction if there is an aromatic fuel component.

Figure 4.8: Evolution of jet surrogate component mole fractions over time normalized
by the ignition delay time for auto-ignition in a constant volume reactor with initial
conditions T0 = 1200K, P0 = 1bar, φ0 = 1 and air as the diluent.
In the HyChem approach [154], toluene and benzene are manually selected as
lumped reaction products whenever aromatics are present in the fuel mixture. As a
more automatic strategy is desired here, we restrict reaction lumping to aliphatic fuel
decomposition reactions. While m-xylene is included in the lumped surrogate species
(SUR), it is also added as a product in the lumped reactions with a stoichiometric
coefficient equal to the molar fraction of m-xylene in the surrogate. All reactions
involving m-xylene decomposition are kept intact in the kinetic mechanism.
The detailed reference data-set used to formulate the lumped model is assembled
from a series of constant volume auto-ignition simulations at stoichiometric conditions, initial temperatures T0 between 1100 and 1600 K, and initial pressures p0
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between 1 and 10 atm. An ensemble of 9 lumped models are generated with cutoff
parameters near the values selected previously, α− = 0.02 and α+ = 0.1. Out of
these models, the selected one is generated with cutoff parameters α− = 0.01 and
α+ = 0.206 and produces the smallest DTW errors in species concentrations and
ignition delay times evaluated from auto-ignition simulations initialized with conditions used to generate the reference data-set. Arrhenius pre-exponential factors and
product stoichiometric coefficients corresponding to reactions in the selected model
are then optimized following the approach outlined in Chapter 3. Optimization is
performed for stoichiometric 0D constant volume auto-ignition cases to minimize
the difference in ignition delay time predictions and species profiles generated by
lumped and detailed kinetic mechanisms at 6 initial conditions: T0 = 1100, 1300,
and 1600K and p0 = 1 and 10 bar, selected to span the conditions used to generate the lumped reactions. The final lumped model, containing lumped reactions
with optimized parameters, is displayed in Table 4.6, and thermochemical and transportation parameters for the lumped jet fuel surrogate species, SU R, are presented
in Table 4.7.
Unnecessary species and reactions remaining in the kinetic mechanism after
aliphatic fuel decomposition reactions are replaced by the lumped model are initially eliminated using DRG-EP, with DRG-EP coefficients evaluated from constantvolume auto-ignition simulations with initial temperatures T0 = 1100, 1300, and
1600K, initial pressures P0 = 1 and 10bar, and equivalence ratios φ = 0.8, 1, and
1.3, and from premixed flame simulations at atmospheric pressure, equivalence ratios
φ = 0.8, 1, and 1.3, and unburnt flame temperatures T = 403 and 470K. Premixed
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Reaction
→ 0.2033 CH3 + 1.15 C2 H4 + 0.2722 C2 H5 + 0.4347 p-C4 H9 + 0.0685 p-C4 H8
+ 0.0673 H2 + 0.2508 H + 0.6166 n-C3 H7 + 0.2467 C3 H6 + 0.2187 m-Xylene

14

7.64 × 10

31.34

SURR + O

→ OH + 1.9528 C3 H6 + 0.3683 p-C4 H8 + 0.1062 A-3 H5 + 0.0092 H2
+ 0.2187 m-Xylene

9.20 × 1014

33.72

SURR + OH

→ H2 O + 1.2405 p-C4 H8 + 0.461 C3 H6 + 0.1737 H2 + 0.4351 A-C3 H5
+ 0.2187 m-Xylene

4.73 × 1013

14.63

SURR + HO2

→ H2 O2 + 0.0284 H2 + 1.2398 C2 H4 + 1.559 C3 H6 + 0.1446 A-C3 H5
+ 0.015 p-C4 H8 + 0.2187 m-Xylene

8.41 × 1014

84.75

SURR + CH3

→ 0.1063 H2 + 0.2275 CH4 + 0.1972 C2 H4 + 1.1646 p-C4 H8 + 0.0023 n-C3 H7
0.1585 H + 0.1233 C2 H5 + 0.9605 CH3 + 0.7187 C3 H6 + 0.2187 m-Xylene

2.97 × 1014

59.59

SURR

→ 0.07615 H2 + 0.5052 C3 H6 + 0.1702 C2 H5 + 1.6606 C2 H4 + 0.0286 p-C4 H8
+ 0.5897 p-C4 H9 + 0.2187 m-Xylene

1.23 × 1017

330.90

SURR + H

A

E

Table 4.6: Lumped fuel decomposition reactions for the jet fuel surrogate model,
post-optimization. Arrhenius parameters are in cm, s, mol, K, and kJ. For display,
product stoichiometric coefficients are rounded to the nearest 10−4 , and Arrhenius
parameters to the nearest 10−2 .
nC
9.4
Temperature
300 - 1000 K
1000 - 2000 K

nH Linearity εSUR /kB σSUR
18.4
2
596.8
6.43
NASA polynomial coefficients
a0
a1
a2
a3 a4
a5
a6
-1.36E0 9.6E-2 -3.82E-5 0.0 0.0 -2.48E4 0.0
2.50E1 4.20E-2 -9.63E-6 0.0 0.0 -3.35E4 0.0

Table 4.7: Thermochemical and transport parameters for the lumped jet fuel surrogate species. nC and nH are rounded to the nearest 0.1 to fit into a Chemkinformatted thermochemical file, and NASA polynomials are rounded to the nearest
0.01 for display.
flame simulations and non-unity equivalence ratios are included in the chemical domain to ensure that the highly reduced mechanism is capable of predicting flame
speeds, following recommendations made in the previous section. Targets used to
compute DRG-EP coefficients include CO, OH, heat release, and the fuel surrogate
species. Once all unnecessary species and reactions are identified with DRG-EP, isomer lumping is attempted to further reduce the number of species in the mechanism.
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Unfortunately, no isomer groups could be lumped without introducing significant
error in laminar flame speeds. DRG-EP-aided sensitivity analysis is then performed
by systematically removing species from the kinetic mechanism in order of increasing
DRG-EP coefficients. Species that do not introduce a significant error upon removal
are permanently eliminated, otherwise they are added back to the kinetic mechanism.
Finally, suitable quasi-steady-state (QSS) species are systematically identified
using a level-of-importance (LOI) method described in [67, 81]. In this method,
species with a long lifetime and small sensitivity to the chemical system are potential
QSS candidates. Potential candidates are selected as QSS species if they do not
introduce a quadratic coupling into the system of algebraic equations describing their
concentrations. QSS species are not removed entirely from the kinetic mechanism,
but differential equations governing the evolution of their concentrations are replaced
with algebraic relations, which are much faster to evaluate.
Reduced models generated by each step - aliphatic fuel decomposition reaction
lumping, reduction, and QSS identification - are shown in Figure 4.9.

4.2.3

Reduced-Order Model Validation

The performance of the reduced kinetic mechanism containing 44 species and 13
QSS species is compared to the performance of the detailed kinetic mechanism in
a zero-dimensional constant-volume reactor configuration and in one-dimensional
premixed flame simulations. Relevant experimental results for Jet-A in shock tubes
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Detailed
Mechanism
Reaction
lumping

189 species
1090 reactions

DRG-EP species
and reaction
reduction,
sensitivity analysis

57 species
358 reactions

QSSA

44 species
358 reactions
13 QSS

Figure 4.9: Procedure for deriving a reduced jet-fuel surrogate mechanism
and premixed flames are included wherever possible for comparison.
The reduced model is found to reproduce ignition delay times computed with the
detailed mechanism and obtained in shock-tube experiments well for conditions at
which the reduced models were generated - namely, low pressure, high temperatures,
and stoichiometric conditions, as shown in Figure 4.10. Indeed, for auto-ignition
simulations used to generate the reduced model, all ignition delay errors computed
with the reduced model with respect to the detailed mechanism are below 20%, and
average ignition delay errors are below 10%. The model also extends quite well to
rich and lean conditions outside those used to generate the reduced mechanism, as
shown in Figure 4.11.
The relative error on flame speeds is also very low over the equivalence ratios used
to reduce the kinetic mechanism, φ = 0.8 - 1.3, as shown in Figure 4.12. Average errors remain below 2.5%, and maximum below 5%. However, larger deviations at rich
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Figure 4.10: Comparison of jet fuel auto-ignition delay times τig computed at
constant-volume and stoichiometric conditions for various initial pressures. Models compared are the detailed (solid lines), lumped (dashed lines), and QSS (dotted
lines) mechanisms. Shock tube experiments for P = 3 and P = 6 bar are taken from
Zhu et al [17] (circular symbols), from Wang and Oehlschlaeger [18] (circular symbols) at 8 bar, and from Dean et al. [19] (square symbols) at 9 bar. The definition of
ignition delay time is taken to be the same as in the experiments, namely, the time
at which peak OH production occurs.
conditions caused by the lumping step result in errors of up to 10% at φ = 1.4. HyChem lumped models for jet fuel merged with USC Mech II to provide small species
chemistry appear to produce a similar trend - the merged mechanism can predict
experimental flame speeds at lean and stoichiometric conditions, but more notable
differences arise at rich conditions [125]. Methods for improving the performance of
lumped fuel decomposition models at rich conditions should be addressed in future
work, with one solution proposed in Chapter 5.
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Figure 4.11: Comparison of jet fuel auto-ignition delay times τig computed at
constant-volume and atmospheric pressure conditions over an extended range of
equivalence ratios φ. Models compared are the detailed (solid lines), lumped (dashed
lines), and QSS (dotted lines) mechanisms. Ignition delay time is defined as the time
at which the maximum rate of change in temperature occurs.
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Figure 4.12: Flame speeds SL at various equivalence ratios φ computed with detailed
(solid lines) and QSS (dotted lines) mechanisms at atmospheric pressure. Symbols
represent experimental data, taken from Dooley et al. [20] (squares) and Hui et
al. [15] (circles).
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CHAPTER 5
CONCLUSIONS

5.1

Summary and Perspectives

Two novel strategies for generating reduced-order models for representing multicomponent fuel combustion are proposed in this work to complement the component
library framework.
The first of these strategies is a bottom-up reduced mechanism building procedure, which identifies key reactions directly at the reduced level and constructs
mechanisms or adds to existing component library modules over the course of reference simulation. Results indicate that this approach efficiently generates reduced
kinetic mechanisms comparable to those produced by typical top-down reduction
strategies and provides flexibility to users of component library frameworks by enabling reactions to be appended onto existing reduced kinetic mechanisms directly
at the reduced level.
The second strategy facilitates lumping of high-temperature aliphatic fuel decomposition reactions in a detailed mechanism in an autonomous manner. Key
features of this technique include automated identification of the fuel decomposition
sub-mechanism, the use of a reference database and a fitting procedure to compute lumped reaction parameters, rather than relying on literature, an optimization
method to adjust both rate and stoichiometric coefficients, and general applicability
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to both single and multi-component fuel descriptions. Integration of this algorithm
into a multi-stage reduction procedure yields reduced mechanisms that perform very
well compared to their detailed counterparts.

5.2

Future Directions

Several achievements were made in developing new means to generate reduced-order
models for simulations of multi-component fuel combustion. The following sections
highlight two remaining challenges related to this work.

5.2.1

Merging Kinetic Mechanisms

In order to combine mechanisms in a component library, or to build a reduced
model onto an existing kinetic mechanism, identical reactions should be identified
and merged, and kinetic incompatibilities should be resolved a priori. To this end,
an automatic tool was presented in [67] to handle these types of incompatibilities.
Unfortunately, even with this tool, ensuring the compatibility of kinetic mechanisms
arising from different sources is difficult, in part because reaction rates can vary
widely and are often adjusted to fit experimental data [10]. In the case of duplicate
reactions with disparate rates, it is difficult to know which to select for inclusion in
the final model, as the choice of reaction rate could play a significant role in the
accuracy of the merged model. For instance, combining a n-heptane mechanism
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with GRI-Mech 3.0 and selecting the reaction from GRI-Mech 3.0 whenever a duplicate reaction was encountered led to large errors in the predictions of ignition delay
times [67].
Ideally, detailed mechanisms would include all essential reactions with accurate
reaction rates, thermochemical, and transport properties [155]. By extension, these
perfect mechanisms would be compatible with each other, as tuning parameters
to match experimental results within experimental uncertainties would be rendered
unnecessary. While more accurate rates and properties are indeed becoming increasingly accessible through the use of quantum chemical calculations, this goal is still
firmly set in the future (if even possible) due to the computational power required
to perform these calculations.
In the interim, modifications can be made to reduce manual input needed for
mechanism merging tools. Duplicate species and reactions should be identified based
on a structural basis, such as with SMILES strings, rather than by relying on inconsistent nomenclature or species formulae, which provide less information. Sensitivitybased tools to identify duplicate reactions which could highly influence simulation
results computed with a merged model could be added to existing kinetic mechanism merging tools, and an automated trial-and-error approach could be taken for
the most sensitive reactions.
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5.2.2

Reaction Lumping for Expanded Conditions

Earlier in this work, it was shown that by employing a lumped fuel decomposition
model, a reduced kinetic mechanism describing a complex multi-component surrogate
can be generated with a small number of species. As proposed, this model had a few
drawbacks:

1. If a fuel blend has a high fraction of aromatic, or non-aliphatic, components,
those components do not break down rapidly to C0 - C4 products due to their
stable de-localized electron orbitals, and therefore lumping these reactions in
an automatic fashion is challenging.
2. At low temperatures, fuels do not decompose quickly, and fuel decomposition
cannot be decoupled from rate-limiting chemistry and simplified. This limits
the applicability of lumped models to high temperature conditions.
3. At rich conditions, the makeup of fuel decomposition products is quite different from that at lean or stoichiometric conditions. Furthermore, a more
significant fraction of mass in the system will be contained in large hydrocarbon intermediates. By allowing the fuel to decompose directly to small species,
over-predictions of small species concentrations would be amplified. Inaccuracies in predicting small species concentrations at high equivalence ratios is
likely the cause of increased errors in flame speeds at those conditions evaluated with lumped mechanisms in this work and in the similar model presented
in [154].
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The approach proposed in Ranzi et al. [123] largely addresses these drawbacks. In
that work, large hydrocarbon intermediates are grouped into an expertly-defined set
of lumped molecules, corresponding reactions are grouped into a limited set of lumped
reactions, and reaction rates are assigned to these lumped reactions from external
literature. Both low-temperature and rich conditions can be captured accurately, and
reactions involving aromatic decomposition can also be lumped. However, lumped
reactions were defined separately for each fuel component of interest, which would
lead to a larger model than necessary for a surrogate fuel with numerous components,
and reaction rates are derived from literature.
A hybrid approach between that technique and the one proposed here may prove
to be an optimal strategy. Lumped molecules could be identified in a structural
pre-processor from expertly-defined molecular classes, and reaction rates could be
identified from a data-driven approach similar to the one presented in this work.
Furthermore, lumped reactions of surrogate components with similar structures and
behavior could be combined into a single set of lumped reactions, which would restrict
the size of kinetic mechanisms describing surrogates with a large number of fuel
components.
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APPENDIX A
USER-GUIDES

A.1

Building Reduced Models

The code package to build reduced models is available on Bitbucket, or by request
from the author. The library is contained in the /BIM/ folder, and includes:

• An implementation of the DRG-EP algorithm [81] to select important reactions
(drgep.py)
• Mechanism manipulation routines (mechanisms.py, mechanism_tools.py) to
build reactions onto existing mechanisms
• Functionality to call the building algorithm and to test mechanisms using in
various configurations in Cantera [94] (cases.py, automatic.py, and pasr.py)
• Graphing, pre- and post-processing methods (graphs.py, fileio.py, tools.py)
The building code interfaces with a specific version of Cantera available in the
Cantera_Yarc code package, branch cantera_yarc_update. Cantera_Yarc was
initially developed by Dr. Pepiot and CERFACS, and later modified by the author
to get and set CVODE stepsizes. Cantera_Yarc is also available on Bitbucket, or by
request.

139

To use the building code, the user must write a short python input file to specify
mechanism names, configurations of interest, and other user-defined input parameters. If so desired, post-processing and error evaluations can also be specified in
the input file. Multiple sample input files are available in the /examples/ folder for
building reduced models with 0D, 1D, and PaSR configurations. The contents of one
such input file are provided below, with comments to provide guidance to the user.
Current configurations available for use are 0D isochor and isobar auto-ignition,
1D freely-propagating unstretched flames, counter-flow diffusion flames (in development), and partially-stirred reactor (PaSR). Burner stabilized flames and PSR
configurations can be simulated with Cantera, but are not currently implemented in
the building code.
Example input file:
#####################

Python i m p o r t s

###########################

import BIM . mechanisms a s mechanism
import BIM . c a s e s a s c a s e s
import BIM . a u t o m a t i c a s a u t o m a t i c
import BIM . g r a p h s a s g r a p h s

#####################

User d e f i n i t i o n s

#########################

# Cantera−f o r m a t t e d mechanisms
detailed_mech = ’ grimech30 . c t i ’ # D e t a i l e d mechanism f i l e n a m e
seed_mech = ’ ’ # Seed mechanism f i l e n a m e − none s p e c i f i e d
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n s u b s t e p s = 100 # Number o f sampled s t e p s i n one i n t e r v a l
e p s i l o n = 0 . 0 1 # DRG−EP r e a c t i o n s e l e c t i o n c u t o f f
s t a r t i n g _ s p e c i e s = [ ’ CH4’ , ’O2 ’ , ’N2 ’ ] # S p e c i e s with n o n z e r o i n i t i a l mass
d r g e p _ t a r g e t s = [ ’ CH4’ , ’ HeatRelease ’ , ’CO2’ , ’OH’ ]

# DRG−EP t a r g e t s

a i r = "X/O2/ 0 . 2 1 / N2 / 0 . 7 9 " # Composition o f a i r o r bath g a s
f u e l = "X/CH4/1" # Composition o f f u e l

# 6 i n i t i a l s i m u l a t i o n c o n d i t i o n s used t o b u i l d model
temperature_range_0D = " 1 2 0 0 : 1 6 0 0 " # I n i t i a l t e m p e r a t u r e s
p r e s s u r e _ r a n g e = "1 e5 " # I n i t i a l p r e s s u r e
phi_range = " 0 . 8 : 1 : 1 . 2 " # I n i t i a l e q u i v a l e n c e r a t i o s

s e p a r a b l e = F a l s e # Don ’ t s e p a r a t e r e v e r s i b l e r e a c t i o n s

###################

B u i l d Reduced Model

#######################

# C r e a t e d e t a i l e d mechanism and t e s t mechanism o b j e c t s
detmechobj = mechanism . DetMechanism ( detailed_mech , s e p a r a b l e )
t e s t m e c h o b j = mechanism . TestMechanism ( seed_mech ,
detmechobj , c a s e _ t a r g e t s , s t a r t i n g _ s p e c i e s , s e p a r a b l e )

# I n i t i a l i z e simulation case database
c a s e s . i n i t _ c a s e _ d a t a b a s e ( o v e r w r i t e=F a l s e )
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# S e t up c a s e s f o r b u i l d
caselist = []
c a s e l i s t . extend ( c a s e s . c r e a t e _ c a s e ( r e a c t o r ="0 DIsochor " ,
ctmech=test_mech . ctmech ,
f u e l=f u e l ,
o x i d i z e r=a i r ,
p r e s s u r e=p r e s s u r e _ r a n g e ,
t e m p e r a t u r e=temperature_range_0D ,
p h i=phi_range ,
t a r g e t s=c a s e _ t a r g e t s ) )
# B u i l d model
auto = a u t o m a t i c . Automatic_Build ( c a s e l i s t , t e s t m e c h o b j ,
detmechobj , e p s i l o n , n s u b s t e p s )
b u i l t m e c h o b j , nsamples = auto . b u i l d ( )

# Finalize built object for error analysis
builtmechobj . f i n a l i z e ()

###################

A−P o s t e r i o r i E r r o r A n a l y s i s

#######################

# Run b u i l t mechanism c a s e s
caselist = []
c a s e l i s t . extend ( c a s e s . c r e a t e _ c a s e ( r e a c t o r ="0 DIsochor " ,
ctmech=b u i l t m e c h o b j . ctmech ,
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f u e l=f u e l ,
o x i d i z e r=a i r ,
p r e s s u r e=p r e s s u r e _ r a n g e ,
t e m p e r a t u r e=temperature_range_0D ,
p h i=phi_range ) )
auto = a u t o m a t i c . Automatic ( c a s e l i s t , b u i l t m e c h o b j )
auto . basic_run ( )

# Run d e t a i l e d mechanism c a s e s
detcaselist = []
d e t c a s e l i s t . extend ( c a s e s . c r e a t e _ c a s e ( r e a c t o r ="0 DIsochor " ,
ctmech=detmechobj . ctmech ,
f u e l=f u e l ,
o x i d i z e r=a i r ,
p r e s s u r e=p r e s s u r e _ r a n g e ,
t e m p e r a t u r e=temperature_range_0D ,
p h i=phi_range ) )
auto = a u t o m a t i c . Automatic ( d e t c a s e l i s t , detmechobj )
auto . basic_run ( )

# I n i t i a l i z e graph c l a s s and s p e c i f y which mechanisms t o compare
graph = g r a p h s . Graph ( )
mech_ l i s t = [ detmechobj , b u i l t m e c h o b j ]

# Print e r r o r s of i n t e r e s t
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graph . p r i n t _ i g n i t i o n _ d e l a y _ e r r o r s ( c a s e l i s t , m e c h _ l i s t )

A.2

Generating Lumped Fuel Decomposition Reactions

The code package to generate lumped fuel decomposition reactions is available on
Bitbucket, or by request from the author. Using this package, lumped reactions can
be defined using detailed simulation data and parameters can be optimized if desired.
Additional plotting and comparison scripts enable fast, easy assessment of a lumped
mechanism compared to the detailed mechanism from which it was derived.
All methods in the package are called by a wrapper, written in Python and available in the /wrapper/ folder. The various steps in generating lumped reactions,
hereafter referred to as functionalities, are called in the wrapper according to specified functionalities in a user-created input file. A comprehensive README file is
available in the code package to outline all the possible user-defined parameters, and
several example input files are contained in the /examples/ folder.
A typical workflow is as follows, with a list of the wrapper functionalities that
should be specified in the input file for each workflow step:

1. Identify fuel decomposition reactions and create the detailed reference data-set
Wrapper functionalities: get_pyrolysis_specs, run_detailed
2. Create the lumped model and the corresponding lumped mechanism
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Wrapper functionalities:

get_reactants, get_initrates, get_initcoeffs, cre-

ate_lumpedmech
3. Compare the performance of the lumped mechanism against the detailed mechanism (evaluate DTW errors and create plots)
Wrapper functionalities: plot_runs, compare_runs
4. Make sure that the results computed in Step 3. with the lumped mechanism
are within your desired error range. If not, you may want to alter the cutoff parameters for selecting the number of reactants and products in lumped
reactions.
5. Optimize the lumped model and create the optimized mechanism. Note that
the ’general_run’ functionality should be called with the ’Optimize’ argument.
Wrapper functionalities: general_run, get_optdata, create_optmech
6. Compare the optimized mechanism to the detailed mechanism as in step 4.

A sample input file to construct a lumped model for a two-component surrogate
fuel (it is assumed that the reference data-set has already been generated, and that
fuel decomposition reactions in the detailed mechanism have already been identified
using the run_detailed and get_pyrolysis_specs functionalities) is shown below.
Example input file:
######

Which f u n c t i o n a l i t i e s t o u s e ######

S e c t i o n s t o run : g e t _ r e a c t a n t s g e t _ i n i t r a t e s g e t _ i n i t c o e f f s create_lumpedmech
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######

Path t o code package ######

Path t o code : / U s e r s / username / lumping_code

######

The name o f t h e output lumped mechanism

######

Lumped mechanism f i l e : mech_lumped . mech

######

C u t o f f s t o s p e c i f y t h e number o f lumped r e a c t a n t s and p r o d u c t s ######

Cutoff f o r r e a c t a n t s to i n c l u d e : 0.2
Cutoff f o r products to i n c l u d e : 0.1

######

F u e l s t o i n c l u d e i n lumped model ######

F u e l s : N−C12H26 I−C8H18
Fuel mass f r a c t i o n s : 0 . 0 4 0 . 0 3

######

S p e c i f y t h e r e f e r e n c e s i m u l a t i o n c o n d i t i o n s ######

O x i d i z e r : O2
O x i d i z e r mass f r a c t i o n : 0 . 2 2
I n e r t : N2
P r e s s u r e s : 1 5 20
S t a r t i n g Multirun Temperature : 1100
D e l t a T Runs : 200
F i n a l T Run : 1600

In this input file, we first identify which code functionalities we want to run,
listed in the order that they will be called. Here, we have assumed that the reference
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data-set has already been generated, and that lumped fuel decomposition reactions
have already been identified. The functionalities we call select the lumped reactions
and reactants (get_reactants), compute the rate coefficients (get_initrates), select
the products and compute the product stoichiometric coefficients (get_initcoeffs),
and finally create the mechanism containing the lumped reactions in place of the
detailed fuel decomposition reactions (create_lumpedmech).
Also specified in the input file are the the path to the code package, the name
of the output lumped mechanism, cutoffs with which to select lumped reactants and
products, the list of fuel components to lump, and the conditions used to generate
the reference data-set.
To call the wrapper with the above input file, the user must enter the following
command in the terminal:
~/path_to_code / wrapper / wrapper . py i n p u t _ f i l e n a m e

It is important to note that necessary variables in the input file will vary based
on which wrapper functionalities are called, therefore it is highly recommended to
consult the README file before use.
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APPENDIX B
COMPUTING THERMOCHEMICAL AND TRANSPORTATION
PARAMETERS FOR A LUMPED SURROGATE FUEL

In the second case study presented in Chapter 3, a two-component surrogate is combined to form a single lumped species. To represent the fuel as a single species,
various thermochemical and transportation parameters must be pre-computed following conventional formatting so that the species can be added to standard data
files. An overview of the approach to compute these parameters is as follows.
Thermochemical parameters including the atomic composition and NASA polynomial coefficients are first computed. The lumped surrogate atomic composition is
computed with a mixture-averaged formula as:
F

nE
SUR

=

n
X

XFi nE
Fi

(B.1)

i=1

where nE is the number of atoms of a given element, nF is the number of fuel components F in the surrogate blend, X is the mole fraction, and M is the molar mass.
Molar heat capacities Cp and molar enthalpies H 0 of the individual fuel components
are used to compute the NASA polynomial coefficients of the lumped fuel. Two
databases of temperature samples are generated, one containing low to intermediate
temperatures (300 − 1000K), and one containing intermediate to high temperatures
(1000 − 2000K). Temperatures are sampled at every 10K. Heat capacities Cp,F and
enthalpies HF0 are computed for each fuel component F at each sampled database
temperature T . Mixing rules are applied to component heat capacities and enthalpies
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to generate quantities for the lumped surrogate:
F

Cp,SUR (T ) = MSUR

n
X

Cp,Fi (T )Yi /Mi

(B.2)

HFi (T )Yi /Mi

(B.3)

i=1

and:

F

0
HSUR
(T )

= MSUR

n
X
i=1

where M is molar mass. NASA polynomial coefficients a1 - a3 for the low and high
temperature ranges are obtained by fitting molar heat capacities with a quadratic
polynomial function at temperature samples in the desired range as:
Cp,SUR (T )
= a1 + a2 T + a3 T 2
R

(B.4)

Coefficients a1 - a3 and the surrogate enthalpy are then used to compute the coefficient a6 :
0
(T )
a2
a3
a6
HSUR
= a1 + T + T 2 +
RT
2
3
T

(B.5)

Other NASA polynomial coefficients are set to zero.
Transportation parameters including the Lennard-Jones collision diameter σ and
Lennard-Jones potential well depth ε/kB are also computed based on fitting and
mixing rules. A single temperature database is created (300 − 2000K), with temperatures again sampled at 10K increments. For every temperature entry, viscosities η
of each fuel component are computed as [156]:
√
5
kB T MF
ηF (T ) =
√ 2 (2,2)
16 πσF ΩF

(B.6)

where kB is the Boltzmann constant and the collision integral Ω(2,2) is a function
of

ε
kB

and T . The viscosity of the surrogate species is computed with a mixing rule
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as [157, 158]:
F

ηSUR (T ) =

n
X
i=1

XFi ηFi (T )

(B.7)

PnF

j=1 XFj ΦFi ,Fj (T )

with ΦFi ,Fj (T ) defined as:
1
ΦFi ,Fj (T ) = √
8


− 12
MFi
1+
MFj


1+

ηFi (T )
ηFj (T )

 12 

MFj
MFi

 14 !2
(B.8)

Lennard Jones parameters εSUR /kB and σSUR for the lumped surrogate are computed from a least squares minimization of:
√
kB T MF
5
ηSU R (T ) −
√ 2
16 πσSU R Ω(2,2)
SU R
over all temperature samples, where ηSUR (T ) is computed in Equation B.7.
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(B.9)

APPENDIX C
SUPPLEMENTAL MATERIAL FOR LUMPED REACTION CASE
STUDIES

In Chapter 3, we presented two case studies to demonstrate the application of
the lumping algorithm to a single-component fuel, n-Dodecane, and to a multicomponent fuel containing both n-Dodecane and iso-Octane. Additional data from
these case studies is contained in this appendix.

C.1

Supplemental Material for n-Dodecane

The first case study demonstrates how reactions for high temperature n-Dodecane
decomposition in a detailed kinetic mechanism can be lumped into a select number
of representative reactions. Parameters for the lumped reactions can be found in
Section C.1.1. Lumped reaction rates and stoichiometric coefficients are adjusted
to better predict detailed combustion phenomena in what we call optimized reactions, then lumped and optimized reactions replace the fuel breakdown chemistry
in the detailed mechanism, yielding lumped and optimized mechanisms respectively.
These mechanisms are validated in a plug flow reactor under pyrolysis conditions in
Section C.1.2. Following this, pre-reduced mechanisms are used to derive lumped
and optimized reactions, with parameters available in Section C.1.3. Results of
comparisons between these mechanisms and the detailed mechanism is available in
Section C.1.4.
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C.1.1

n-Dodecane Lumped Model

Table C.1 contains lumped parameters prior to optimization for the pure n-Dodecane
test case. Lumped reactions are generated using a reference data-set of stoichiometric
0D isochor simulations run with the detailed mechanism at 1100 ≤ T0 ≤ 1600 K and
P0 = 1 − 20 bar.
n-C12 H26 + H

→

Reaction
0.6673 C3 H6 + 0.8583 H2 + 2.1504 C2 H4 + 0.2928 C2 H5
+ 0.3027 p-C4 H9 + 0.6879 n-C3 H7 + 0.4593 p-C4 H8

A
15

E

5.01 × 10

41.85

n-C12 H26 + O

→

OH + 0.0478 n-C3 H7 + 0.02575 C2 H4 + 0.4748 p-C4 H9
+ 0.2357 C3 H6 + 0.2256 H2 + 2.2866 p-C4 H8 + 0.0262 C2 H5

4.25 × 1015

37.43

n-C12 H26 + OH

→

H2 O + 0.4632 p-C4 H8 + 0.0816 n-C3 H7 + 0.4215 p-C4 H9
+ 0.491 C2 H5 + 1.4116 C2 H4 + 1.4704 C3 H6 + 0.00295 H2

3.81 × 1014

17.19

n-C12 H26 + CH3

→ 1.2971 CH4 + 0.1183 p-C4 H9 + 0.1349 n-C3 H7 + 0.1525 C2 H5
+ 0.4271 C2 H4 + 0.8726 C3 H6 + 1.762 p-C4 H8 + 5e-5 H2

5.21 × 1013

62.74

n-C12 H26 + HO2

→

H2 O2 + 0.04525 H2 + 0.4045 C2 H4 + 0.0622 C2 H5 + 0.7848 C3 H6
+ 0.4914 n-C3 H7 + 1.4536 p-C4 H8 + 0.3559 p-C4 H9

1.96 × 1015

96.38

n-C12 H26

→

0.752 C3 H6 + 0.0564 n-C3 H7 + 0.0134 C2 H5 + 0.3544 C2 H4
+ 0.7644 p-C4 H8 + 1.4454 p-C4 H9 + 0.2424 H2

4.16 × 1016

330.90

Table C.1: Lumped reactions for the n-Dodecane model. Arrhenius parameters are
in cm, s, mol, K, and kJ.

C.1.2

n-Dodecane Pyrolysis in a Plug Flow Reactor using the
Lumped and Optimized Mechanisms

The lumped and optimized mechanisms are validated for n-Dodecane pyrolysis in a
plug flow reactor case at pyrolysis conditions (T = 1050 K and P = 1 bar) against
experiments and the detailed mechanism. Key species mole fractions and the percent
of fuel converted as a function of residence time are shown in Figure C.1, with
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experimental data taken from Dahm et al. [21]. The simulation configuration is the
same as in Narayanaswamy et al [133], namely an isobaric configuration with an
initial fuel mole fraction X = 0.00336 and the rest N2 .
Many of the mole fraction profiles compare favorably to the experiments with the
exception of p-C4H8 and CH4 , primarily because the detailed mechanism is used as
a baseline and does not predict experimental results well. The optimized mechanism
does not substantially improve predictions compared to the lumped mechanism because the optimization process employed auto-ignition delay times as targets with
cases run at stoichiometric conditions. Furthermore, we find that both the lumped
and optimized mechanisms under-predict the formation of C3 H6 compared to the
detailed mechanism because lumped reaction R = OH is no longer present for the
pyrolysis conditions. If more accurate predictions of pure pyrolysis are desired, it
would be advisable to include species profiles for a φ = ∞ case as additional optimization targets, or to use a pure pyrolysis case to generate the reference data-set
as well as cases with oxidative pyrolysis. However, in general, we find that pyrolysis
yields generated with the lumped and optimized models are within the level of error
between the detailed mechanism and experimental results.
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Figure C.1: Comparison of select species profiles obtained using the detailed (solid
line), lumped (dashed line), and optimized (dotted line) mechanisms for a plug flow
pyrolysis case at T0 = 1050K, P0 = 1 bar with X = 0.336 n-Dodecane, remainder
N2 . Experimental data (symbols) is taken from Dahm et al. [21].

C.1.3

Lumped and Optimized Models Derived from a PreReduced n-Dodecane Mechanism

Lumped and optimized reactions for the case in which the detailed n-Dodecane mechanism is reduced to within a 1% error in auto-ignition delay time over all conditions
desired (0D isochor configuration, φ = 1, temperatures between 1100 and 1600 K and
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pressures between 1 and 20 atm) prior to lumping are found in Tables C.2 and C.3.
The mechanism containing lumped reactions generated by this pre-reduced mechanism is called MR→L , and the mechanism containing optimized reactions is called
MR→L→O .
E

→

Reaction
0.6406 C3 H6 + 0.8901 H2 + 1.75215 C2 H4 + 0.3072 C2 H5
+ 0.3261 p-C4 H9 + 0.5865 n-C3 H7 + 0.7239 p-C4 H8

A

n-C12 H26 + H

4.99 × 1015

41.80

n-C12 H26 + O

→

OH + 0.0059 n-C3 H7 + 0.0414 C2 H4 + 0.425 p-C4 H9
+ 1.4835 C3 H6 + 0.11825 H2 + 1.1527 p-C4 H8 + 0.5691 C2 H5

4.21 × 1015

37.35

n-C12 H26 + OH

→

H2 O + 0.0774 H2 + 0.0999 C2 H4 + 0.2208 C2 H5 + 1.8077 C3 H6
+ 0.2597 n-C3 H7 + 0.9244 p-C4 H8 + 0.3647 p-C4 H9

3.79 × 1014

17.14

n-C12 H26 + CH3

→ 0.764 CH4 + 0.5068 p-C4 H9 + 0.3448 n-C3 H7 + 0.3696 C2 H5
+ 0.31615 C2 H4 + 0.5011 C3 H6 + 1.5749 p-C4 H8 + 0.1254 H2

5.21 × 1013

62.73

n-C12 H26 + HO2

→

H2 O2 + 1.1431 p-C4 H8 + 0.0574 n-C3 H7 + 0.5522 p-C4 H9
+ 0.0585 C2 H5 + 0.92505 C2 H4 + 1.0265 C3 H6 + 0.16595 H2

1.95 × 1015

96.31

n-C12 H26

→

0.6817 C3 H6 + 0.5359 n-C3 H7 + 0.09495 C2 H5 + 0.20645 C2 H4
+ 0.5669 p-C4 H8 + 1.3692 p-C4 H9

4.10 × 1016

330.73

Table C.2: Lumped reactions for the MR→L model. Arrhenius parameters are in
cm, s, mol, K, and kJ.

n-C12 H26 + H

→

Reaction
0.3203 C3 H6 + 0.6874 H2 + 2.4062 C2 H4 + 0.499 C2 H5
+ 0.4021 p-C4 H9 + 0.7241 n-C3 H7 + 0.362 p-C4 H8

A

E

4.7 × 1015

41.80

n-C12 H26 + O

→

OH + 0.0118 n-C3 H7 + 0.08285 C2 H4 + 0.1879 p-C4 H9
+ 2.2655 C3 H6 + 0.11825 H2 + 0.7811 p-C4 H8 + 0.5632 C2 H5

4.74 × 1015

37.35

n-C12 H26 + OH

→

H2 O + 0.0263 H2 + 0.0823 C2 H4 + 0.4406 C2 H5 + 2.0845 C3 H6
+ 0.2565 n-C3 H7 + 0.6799 p-C4 H8 + 0.3029 p-C4 H9

1.90 × 1014

17.14

n-C12 H26 + CH3

→ 0.5209 CH4 + 0.7132 p-C4 H9 + 0.1755 n-C3 H7 + 0.2777 C2 H5
+ 0.4757 C2 H4 + 0.433 C3 H6 + 1.5735 p-C4 H8 + 0.3959 H2

3.06 × 1013

62.73

n-C12 H26 + HO2

→

H2 O2 + 1.0962 p-C4 H8 + 0.0524 n-C3 H7 + 0.9023 p-C4 H9
+ 0.0452 C2 H5 + 0.71655 C2 H4 + 0.7751 C3 H6 + 5e-5 H2

1.04 × 1015

96.31

n-C12 H26

→

1.1249 C3 H6 + 1.0718 n-C3 H7 + 0.0792 C2 H5 + 0.36535 C2 H4
+ 0.2838 p-C4 H8 + 0.8464 p-C4 H9 + 0.0013 H2

8.20 × 1016

330.73

Table C.3: Optimized reactions for the MR→L→O model. Arrhenius parameters are
in cm, s, mol, K, and kJ.
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C.1.4

Validation of Lumped and Optimized Mechanisms Derived from a Pre-Reduced n-Dodecane Mechanism

Ignition delays and species profiles comparing MR→L→O to the detailed mechanism
are found in Figures C.2-C.3.
10

τig [ms]
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P = 20

0.001
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0.9

-1

1000/T [K ]

Figure C.2: Ignition delays of 0D isochor cases with initial conditions used to generate
reference data-set (φ = 1), using the detailed (solid lines) and MR→L→O (dashed
lines) mechanisms.
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Figure C.3: Comparison of select species profiles obtained using the detailed (solid
line) and MR→L→O (dashed line) mechanisms for a constant volume auto-ignition
case with initial conditions φ = 1.0, p = 5 atm, and T = 1400 K.
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C.2

Supplemental Material for n-Dodecane/i -Octane Surrogate

The second demonstration of the lumping algorithm was for a n-Dodecane/i -Octane
surrogate blend. The transportation parameters for this blend are presented in Section C.2.1. Lumped reactions generated in this case study are available in Section C.2.2. A comparison between select species profiles produced from a simulation
using the optimized mechanism with optimized lumped reactions and a simulation
using the detailed mechanism is in Section C.2.3.

C.2.1

Transportation Parameters

Transportation parameters for the lumped surrogate species containing 50%ndodecane and 50% iso-octane by mole % are found in Table ??, computed as outlined
in Appendix C.2.1. In this case, species linearities are identical; otherwise the linearity can be computed by taking a molar averaged combination of the fuel component
linearities and rounding to the nearest integer. Flame speeds of freely-propagating
un-stretched flames have been found to be fairly insensitive to the transportation parameters of the fuel such that molar-based estimates and parameter fits to compute
these values are sufficient.
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nC
10
Temperature
300 - 1000 K
1000 - 2000 K

nH Linearity εSUR /kB σSUR
22
2
580.18
6.74
NASA polynomial coefficients
a0
a1
a2
a3 a4
a5
a6
7.32E-1 1.05E-1 -4.14E-5 0.0 0.0 -3.55E4 0.0
2.93E1 4.63E-2 -1.05E-5 0.0 0.0 -4.50E4 0.0

Table C.4: n-Dodecane/i -Octane (50/50 mol %) surrogate thermochemical and
transport parameters.

C.2.2

Lumped Model

Lumped reactions for the two-component surrogate model are found in Table C.5.
Reaction
→ 0.5572CH3 + 0.70115 H2 + 1.7215 C2 H4 + 0.1976 p-C4 H9 + 0.1586 p-C4 H8
+ 0.1427 C2 H5 + 0.1529 C3 H6 + 0.3567 n-C3 H7 + 0.3467 i -C4 H8 + 0.3435 t-C4 H9

15

4.19 × 10

44.30

SUR + O

→ OH + 0.411 CH3 + 0.0555 H2 + 5e-4 C2 H4 + 0.16 p-C4 H9 + 0.737 p-C4 H8
+ 0.154 C2 H5 + 0.83 C3 H6 + 0.092 n-C3 H7 + 0.6595 i -C4 H8 + 0.072 t-C4 H9

2.51 × 1015

38.37

SUR + OH

→ H2 O + 0.217 CH3 + 0.0934 H2 + 0.0546 C2 H4 + 0.204 p-C4 H9 + 0.255 p-C4 H8
+ 0.0827 C2 H5 + 0.8898 C3 H6 + 0.103 n-C3 H7 + 0.976 i -C4 H8 + 0.2065 t-C4 H9

2.49 × 1014

18.53

SUR + CH3

→ 0.601 CH4 + 6e-3 CH3 + 0.03205 H2 + 0.3299 C2 H4 + 0.186 p-C4 H9 + 0.607 p-C4 H8
+ 1.0959 C2 H5 + 0.4038 C3 H6 + 0.226 n-C3 H7 + 0.4 i -C4 H8 + 0.22 t-C4 H9

3.32 × 1014

79.72

SUR + HO2

→ H2 O2 + 1e-4 H2 + 0.3845 C2 H4 + 3e-3 p-C4 H9 + 0.65 p-C4 H8
+ 0.7898 C2 H5 + 0.5108 C3 H6 + 0.189 n-C3 H7 + 0.717 i -C4 H8 + 0.018 t-C4 H9

2.74 × 1015

107.32

SUR

→ 0.104 CH3 + 0.09245 H2 + 0.0357 C2 H4 + 0.81 p-C4 H9 + 0.34 p-C4 H8
+ 0.2133 C3 H6 + 0.1906 C2 H5 + 0.3505 n-C3 H7 + 0.428 i -C4 H8 + 0.36 t-C4 H9

1.08 × 1016

310.82

SUR + H

A

E

Table C.5: Lumped reactions for the surrogate (50% n-Dodecane / 50% i -Octane)
model. Arrhenius parameters are in cm, s, mol, K, and kJ.

C.2.3

Species Evolution for the Optimized Mechanism

Validation cases for select species profiles using the optimized surrogate mechanism
compared to the detailed mechanism are found in Figure C.4.
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Figure C.4: Comparison of select species profiles for the surrogate (50% n-dodecane /
50% i-octane) in air, obtained using the detailed (solid line) and optimized (dashed
line) mechanisms for a constant volume auto-ignition case with initial conditions
φ = 1.0, p = 5 atm, and T = 1400 K.

160

BIBLIOGRAPHY
[1] W.J. Pitz, N.P. Cernansky, F.L. Dryer, F.N. Egolfopoulos, J.T. Farrell, D.G.
Friend, and H. Pitsch. Development of an experimental database and chemical
kinetic models for surrogate gasoline fuels. Technical report, SAE Technical
Paper, 2007.
[2] M. Colket, T. Edwards, S. Williams, N.P. Cernansky, D.L. Miller, F. Egolfopoulos, P. Lindstedt, K. Seshadri, F.L. Dryer, C.K. Law, et al. Development
of an experimental database and kinetic models for surrogate jet fuels. 45th
AIAA Aerospace Sciences Meeting and Exhibit, 2007.
[3] J.T. Farrell, N.P. Cernansky, F.L. Dryer, C.K. Law, D.G. Friend, C.A. Hergart,
R.M. McDavid, A.K. Patel, C.J. Mueller, and H. Pitsch. Development of an
experimental database and kinetic models for surrogate diesel fuels. Technical
report, SAE Technical Paper, 2007.
[4] D. Kim, J. Martz, and A. Violi. A surrogate for emulating the physical and
chemical properties of conventional jet fuel. Combust. Flame, 161(6):1489–
1498, 2014.
[5] L.M. Shafer, R.C. Striebich, and J. Gomach. Chemical class composition of
commercial jet fuels and other specialty kerosene fuels. Technical report, AIAA,
2006.
[6] S. Dooley, S.H. Won, M. Chaos, J. Heyne, Y. Ju, F.L. Dryer, K. Kumar, C.J.

161

Sung, H. Wang, M.A. Oehlschlaeger, et al. A jet fuel surrogate formulated by
real fuel properties. Combust. Flame, 157(12):2333–2339, 2010.
[7] K. Narayanaswamy and P. Pepiot. Simulation-driven formulation of transportation fuel surrogates. Combust. Theory Model., 22(5):883–897, 2018.
[8] U.S. Energy Information Administration (EIA). Energy explained, your guide
to understanding energy. https://www.eia.gov/energyexplained/, 2018.
[9] F.N. Egolfopoulos, N. Hansen, Y. Ju, K. Kohse-Höinghaus, C.K. Law, and
F. Qi. Advances and challenges in laminar flame experiments and implications
for combustion chemistry. Prog. Energy Combust. Sci., 43:36–67, 2014.
[10] H.J. Curran. Developing detailed chemical kinetic mechanisms for fuel combustion. Proc. Combust. Inst., 37(1):57–81, 2019.
[11] G.P. Smith, D.M. Golden, M. Frenklach, N.W. Moriarty, B. Eiteneer, M. Goldenberg, C.T. Bowman, R.K. Hanson, S. Song, W. Gardiner, V.V Lissianski,
and Z. Qin. Gri-mech 3.0. http://www.me.berkeley.edu/gri-mech/, 2000.
[12] M. Mehl, W.J. Pitz, C.K. Westbrook, and H.J. Curran. Kinetic modeling of
gasoline surrogate components and mixtures under engine conditions. Proc.
Combust. Inst., 33(1):193–200, 2011.
[13] D.F. Davidson, Z. Hong, G.L. Pilla, A. Farooq, R.D. Cook, and R.K. Hanson.
Multi-species time-history measurements during n-dodecane oxidation behind
reflected shock waves. Proc. Combust. Inst., 33(1):151–157, 2011.

162

[14] S.S. Vasu, D.F. Davidson, Z. Hong, V. Vasudevan, and R.K. Hanson. ndodecane oxidation at high-pressures: measurements of ignition delay times
and oh concentration time-histories. Proc. Combust. Inst., 32(1):173–180, 2009.
[15] X. Hui and C.J. Sung. Laminar flame speeds of transportation-relevant hydrocarbons and jet fuels at elevated temperatures and pressures. Fuel, 109:191–
200, 2013.
[16] K. Kumar and C.J. Sung. Laminar flame speeds and extinction limits of
preheated n-decane/o2 /n2 and n-dodecane/o2 /n2 mixtures. Combust. Flame,
151(1):209–224, 2007.
[17] Y. Zhu, S. Li, D.F. Davidson, and R.K. Hanson. Ignition delay times of conventional and alternative fuels behind reflected shock waves. Proc. Combust.
Inst., 35(1):241–248, 2015.
[18] H. Wang and M.A. Oehlschlaeger. Autoignition studies of conventional and
fischer–tropsch jet fuels. Fuel, 98:249–258, 2012.
[19] A.J. Dean, O.G. Penyazkov, K.L. Sevruk, and B. Varatharajan. Autoignition
of surrogate fuels at elevated temperatures and pressures. Proc. Combust. Inst.,
31(2):2481–2488, 2007.
[20] S. Dooley, S.H. Won, J. Heyne, T.I. Farouk, Y. Ju, F.L. Dryer, K. Kumar,
X. Hui, C.J. Sung, H. Wang, et al. The experimental evaluation of a methodology for surrogate fuel formulation to emulate gas phase combustion kinetic
phenomena. Combust. Flame, 159(4):1444–1466, 2012.

163

[21] K.D. Dahm, P.S. Virk, R. Bounaceur, F. Battin-Leclerc, P.M. Marquaire,
R. Fournet, E. Daniau, and M. Bouchez. Experimental and modelling investigation of the thermal decomposition of n-dodecane. J. Anal. Appl. Pyrol.,
71(2):865–881, 2004.
[22] M. Keay. Energy: The long view. Oxford Institute for Energy Studies, 2007.
[23] International Energy Agency (IEA). Global energy and co2 status report.
https://www.iea.org/geco/, 2019.
[24] D.W. Dockery, C.A. Pope, X. Xu, J.D. Spengler, J.H. Ware, M.E. Fay, B.G.
Ferris Jr, and F.E. Speizer. An association between air pollution and mortality
in six us cities. N. Engl. J. Med., 329(24):1753–1759, 1993.
[25] C.W. Garrett. On global climate change, carbon dioxide, and fossil fuel combustion. Prog. Energy Combust. Sci., 18(5):369–407, 1992.
[26] M. Höök and X. Tang. Depletion of fossil fuels and anthropogenic climate
changeâĂŤa review. Energy Policy, 52:797–809, 2013.
[27] A. Haines, R.S. Kovats, D. Campbell-Lendrum, and C. Corvalán. Climate
change and human health: impacts, vulnerability and public health. Public
Health, 120(7):585–596, 2006.
[28] M. Kampa and E. Castanas. Human health effects of air pollution. Environ.
Pollut., 151(2):362–367, 2008.
[29] I.M. Kennedy. The health effects of combustion-generated aerosols. Proc.
Combust. Inst., 31(2):2757–2770, 2007.
164

[30] F. Perera, A. Ashrafi, P. Kinney, and D. Mills. Towards a fuller assessment of
benefits to children’s health of reducing air pollution and mitigating climate
change due to fossil fuel combustion. Env. Res., 2018.
[31] M.S. Reddy and C. Venkataraman. Inventory of aerosol and sulphur dioxide emissions from india: IâĂŤfossil fuel combustion. Atmospheric Environ.,
36(4):677–697, 2002.
[32] G.E. Likens, R.F. Wright, J.N. Galloway, and T.J. Butler. Acid rain. Sci. Am.,
241(4):43–51, 1979.
[33] D.O. Johns and W.S. Linn. A review of controlled human so2 exposure studies
contributing to the us epa integrated science assessment for sulfur oxides. Inhal.
Toxicol., 23(1):33–43, 2011.
[34] Z. Meng. Oxidative damage of sulfur dioxide on various organs of mice: sulfur
dioxide is a systemic oxidative damage agent. Inhal. Toxicol., 15(2):181–195,
2003.
[35] Z. Xu, D. Yu, L. Jing, and X. Xu. Air pollution and daily mortality in shenyang,
china. Arch. Environ. Occup. Health, 55(2):115–120, 2000.
[36] D.J. Cook, H. Pitsch, and G. Nentwig. Numerical investigation of unburnt
hydrocarbon emissions in a homogeneous-charge late-injection diesel-fueled engine. Technical report, SAE Technical Paper, 2008.
[37] A.J. Chauhan, M.T. Krishna, A.J. Frew, and S.T. Holgate. Exposure to nitro-

165

gen dioxide (no2) and respiratory disease risk. Rev. Environm. Health, 13(12):73–90, 1998.
[38] S.C. Anenberg, J. Miller, R. Minjares, L. Du, D.K. Henze, F. Lacey, C.S.
Malley, L. Emberson, V. Franco, Z. Klimont, et al. Impacts and mitigation
of excess diesel-related no x emissions in 11 major vehicle markets. Nature,
545(7655):467, 2017.
[39] R.B. Hamanaka and G.M. Mutlu. Particulate matter air pollution: effects on
the cardiovascular system. Front. Endocrinol., 9, 2018.
[40] J. Hu, L. Huang, M. Chen, H. Liao, H. Zhang, S. Wang, Q. Zhang, and Q. Ying.
Premature mortality attributable to particulate matter in china: source contributions and responses to reductions. Environ. Sci. Technol., 51(17):9950–9959,
2017.
[41] D.W. Dockery. Health effects of particulate air pollution. Annal. Epidemiol.,
19(4):257–263, 2009.
[42] C.I. Davidson, R.F. Phalen, and P.A. Solomon. Airborne particulate matter
and human health: a review. Aerosol Sci. Technol., 39(8):737–749, 2005.
[43] L.D. Prockop and R.I. Chichkova. Carbon monoxide intoxication: an updated
review. J. Neuro. Sci., 262(1-2):122–130, 2007.
[44] J.H. Seinfeld and S.N. Pandis. Atmospheric chemistry and physics: from air
pollution to climate change. John Wiley & Sons, 2016.

166

[45] J. Blunden, D.S. Arndt, G. Hartfield, A.a Sánchez-Lugo, T.A. Scambos, C.J.
Schreck III, S. Stammerjohn, D.M. Stanitski, K.M. Willett, P. Bissolli, et al.
State of the climate in 2017. Bull. Am. Meteorol. Soc., 99(8), 2018.
[46] D. Lüthi, M. Le Floch, B. Bereiter, T. Blunier, J.M. Barnola, U. Siegenthaler,
D. Raynaud, J. Jouzel, H. Fischer, K. Kawamura, et al. High-resolution carbon
dioxide concentration record 650,000–800,000 years before present. Nature,
453(7193):379, 2008.
[47] C.B. Field, V.R. Barros, D.J. Dokken, K.J. Mach, M.D. Mastrandrea, T.E.
Bilir, Mo. Chatterjee, K.L. Ebi, Y.O. Estrada, R.C. Genova, et al. Climate
change 2014: Impacts, adaptation, and vulnerability. part a: Global and sectoral aspects. contribution of working group ii to the fifth assessment report of
the intergovernmental panel on climate change. Technical report, Intergovernmental Panel on Climate Change (IPCC), 2017.
[48] S. Solomon, G.K. Plattner, R. Knutti, and P. Friedlingstein.
climate change due to carbon dioxide emissions.

Irreversible

Proc. Nat. Acad. Sci.,

106(6):1704–1709, 2009.
[49] S.C. Doney, V.J. Fabry, R.A. Feely, and J.A. Kleypas. Ocean acidification: the
other co2 problem. Ann. Rev. Marine Sci., 1, 2009.
[50] J. Schmidhuber and F.N. Tubiello. Global food security under climate change.
Proc. Nat. Acad. Sci., 104(50):19703–19708, 2007.

167

[51] C. Rosenzweig and M.L. Parry. Potential impact of climate change on world
food supply. Nature, 367(6459):133, 1994.
[52] S.M. Hsiang and M. Burke. Climate, conflict, and social stability: what does
the evidence say? Clim. Change, 123(1):39–55, 2014.
[53] A. McIlroy, G. McRae, V. Sick, D.L. Siebers, C.K. Westbrook, P.J. Smith,
C. Taatjes, A. Trouve, A.F. Wagner, E. Rohlfing, et al. Basic research needs for
clean and efficient combustion of 21st century transportation fuels. Technical
report, U.S. Department of Energy Office of Science (DOESC), 2006.
[54] The National Renewable Energy Laboratory (NREL) and Argonne National
Laboratory. Transportation energy futures: Combining strategies for deep
reductions in energy consumption and ghg emissions. Technical report, U.S.
Department of Energy, 2013.
[55] D.K. Srivastava, A.K. Agarwal, A. Datta, and R.K. Maurya. Advances in
Internal Combustion Engine Research. Springer, 2018.
[56] Y. Chen, J. Ma, B. Han, P. Zhang, H. Hua, H. Chen, and X. Su. Emissions
of automobiles fueled with alternative fuels based on engine technology: A
review. J. Traffic Trans. Eng., 2018.
[57] J.S. Heyne, E. Peiffer, M.B. Colket, A. Jardines, C. Shaw, J.P. Moder, W.M.
Roquemore, J.T. Edwards, C. Li, M. Rumizen, et al. Year 3 of the national
jet fuels combustion program: practical and scientific impacts of alternative
jet fuel research. In 2018 AIAA Aerospace Sciences Meeting, page 1667, 2018.

168

[58] M.F. Othman, A. Adam, G. Najafi, and R. Mamat. Green fuel as alternative
fuel for diesel engine: A review. Renewable and Sustainable Energy Reviews,
80:694–709, 2017.
[59] T. Jaravel, E. Riber, B. Cuenot, and G. Bulat. Large eddy simulation of
an industrial gas turbine combustor using reduced chemistry with accurate
pollutant prediction. Proc. Combust. Inst., 36(3):3817–3825, 2017.
[60] S.M. Sarathy, C.K. Westbrook, M. Mehl, W.J. Pitz, C. Togbe, P. Dagaut,
H. Wang, M.A. Oehlschlaeger, U. Niemann, K. Seshadri, et al. Comprehensive
chemical kinetic modeling of the oxidation of 2-methylalkanes from c7 to c20.
Combust. Flame, 158(12):2338–2357, 2011.
[61] A.S. Tomlin, T. Turányi, and M.J. Pilling. Mathematical tools for the construction, investigation and reduction of combustion mechanisms. Comprehensive
Chemical Kinetics, 35:293–437, 1997.
[62] A. Violi, S. Yan, E.G. Eddings, A.F. Sarofim, S. Granata, T. Faravelli, and
E. Ranzi. Experimental formulation and kinetic model for jp-8 surrogate mixtures. Comb. Sci. Tech., 174(11-12):399–417, 2002.
[63] T. Edwards and L.Q. Maurice. Surrogate mixtures to represent complex aviation and rocket fuels. J. Prop. Power, 17(2):461–466, 2001.
[64] K. Narayanaswamy, H. Pitsch, and P. Pepiot. A component library framework
for deriving kinetic mechanisms for multi-component fuel surrogates: Application for jet fuel surrogates. Combust. Flame, 165:288–309, 2016.

169

[65] W.J. Pitz and C.J. Mueller. Recent progress in the development of diesel
surrogate fuels. Prog. Energy Combust. Sci., 37(3):330–350, 2011.
[66] J. Yu, Y. Ju, and X. Gou. Surrogate fuel formulation for oxygenated and
hydrocarbon fuels by using the molecular structures and functional groups.
Fuel, 166:211–218, 2016.
[67] P. Pepiot-Desjardins. Automatic strategies to model transportation fuel surrogates. PhD thesis, Ph. D. thesis, Stanford University, Department of Mechanical Engineering, 2008.
[68] W.D. Hsieh, R.H. Chen, T.L. Wu, and T.H. Lin. Engine performance and
pollutant emission of an si engine using ethanol–gasoline blended fuels. Atmospheric Environ., 36(3):403–410, 2002.
[69] A.D. Lele, K. Anand, and K. Narayanaswamy. Surrogates for biodiesel: review
and challenges. In Biofuels, pages 177–199. Springer, 2017.
[70] T.F. Lu and C.K. Law. Toward accommodating realistic fuel chemistry in
large-scale computations. Prog. Energy Combust. Sci., 35(2):192–215, 2009.
[71] N. Peters, G. Paczko, R. Seiser, and K. Seshadri. Temperature cross-over and
non-thermal runaway at two-stage ignition of n-heptane. Combust. Flame,
128(1-2):38–59, 2002.
[72] T. Nagy and T. Turányi. Reduction of very large reaction mechanisms using
methods based on simulation error minimization. Combust. Flame, 156(2):417–
428, February 2009.
170

[73] T. Turányi and A.S. Tomlin. Analysis of kinetic reaction mechanisms. Springer,
2014.
[74] H. Rabitz, M. Kramer, and D. Dacol. Sensitivity analysis in chemical kinetics.
Ann. Rev. Phys. Chem., 34(1):419–461, 1983.
[75] S. Vajda, P. Valko, and T. Turányi. Principal component analysis of kinetic
models. Int. J. Chem. Kinet., 17(1):55–81, 1985.
[76] W. Sun, Z. Chen, X. Gou, and Y. Ju. A path flux analysis method for the reduction of detailed chemical kinetic mechanisms. Combust. Flame, 157(7):1298–
1307, 2010.
[77] B. Bhattacharjee, D.A. Schwer, P.I. Barton, and W.H. Green. Optimallyreduced kinetic models: reaction elimination in large-scale kinetic mechanisms.
Combust. Flame, 135(3):191–208, 2003.
[78] T. Jaravel, H. Wu, and M. Ihme. Error-controlled kinetics reduction based on
non-linear optimization and sensitivity analysis. Combust. Flame, 200:192–206,
2019.
[79] L. Elliott, D.B. Ingham, A.G. Kyne, N.S. Mera, M. Pourkashanian, and C.W.
Wilson. Genetic algorithms for optimisation of chemical kinetics reaction mechanisms. Prog. Energy Combust. Sci., 30(3):297–328, 2004.
[80] T.F. Lu and C.K. Law. A directed relation graph method for mechanism
reduction. Proc. Combust. Inst., 30(1):1333–1341, 2005.

171

[81] P. Pepiot-Desjardins and H. Pitsch. An efficient error-propagation-based reduction method for large chemical kinetic mechanisms.

Combust. Flame,

154(1):67–81, 2008.
[82] X.L. Zheng, T.F. Lu, and C.K. Law. Experimental counterflow ignition temperatures and reaction mechanisms of 1, 3-butadiene. Proc. Combust. Inst.,
31(1):367–375, 2007.
[83] K.E. Niemeyer and C.J. Sung.

Mechanism reduction for multicomponent

surrogates: a case study using toluene reference fuels.

Combust. Flame,

161(11):2752–2764, 2014.
[84] L. Backer and P. Pepiot. Numerical investigation into the auto-ignition of a
multi-component fuel spray. 2016 Spring Technical Meeting of the Eastern
States Section of the Combustion Institute, 2016.
[85] S. Naha and S.K. Aggarwal. Fuel effects on nox emissions in partially premixed
flames. Combust. Flame, 139(1-2):90–105, 2004.
[86] A. Stagni, A. Cuoci, A. Frassoldati, T. Faravelli, and E. Ranzi. Lumping and
reduction of detailed kinetic schemes: an effective coupling. Ind. Eng. Chem.
Res., 53(22):9004–9016, 2013.
[87] CERFACS. Arcane. https://chemistry.cerfacs.fr/en/arcane, 2019.
[88] C.K. Law, C.J. Sung, H. Wang, and T.F. Lu. Development of comprehensive
detailed and reduced reaction mechanisms for combustion modeling. AIAA
Journal, 41(9):1629–1646, 2003.
172

[89] A. Saylam, M. Ribaucour, W.J. Pitz, and R. Minetti. Reduction of large
detailed chemical kinetic mechanisms for autoignition using joint analyses of
reaction rates and sensitivities. Int. J. Chem. Kinet., 39(4):181–196, 2007.
[90] P. Pepiot-Desjardins and H. Pitsch. An efficient error-propagation-based reduction method for large chemical kinetic mechanisms. Combust. Flame, 154(12):67–81, 2008.
[91] C.W. Gao, J.W. Allen, W.H. Green, and R.H. West. Reaction mechanism
generator: Automatic construction of chemical kinetic mechanisms. Comp.
Phys. Comm., 203:212–225, 2016.
[92] R.G. Susnow, A.M. Dean, W.H. Green, P. Peczak, and L.J. Broadbelt. Ratebased construction of kinetic models for complex systems. J. Phys. Chem. A,
101(20):3731–3740, 1997.
[93] K. Han, W.H. Green, and R.H. West. On-the-fly pruning for rate-based reaction mechanism generation. Comp. Chem. Eng., 100:1–8, 2017.
[94] Moffat H.K Goodwin, D.G. and R.L. Speth. Cantera: an object-oriented software toolkit for chemical kinetics, thermodynamics, and transport processes.
http://www.cantera.org, 2017.
[95] A.C.
User

Hindmarsh,
documentation

R.
for

Serban,
cvode

and
v4.1.0

D.R.
(sundials

Reynolds.
v4.1.0).

https://computation.llnl.gov/sites/default/files/public/cvs_guide.pdf, 2019.

173

[96] N.J. Curtis, K.E. Niemeyer, and C.J. Sung. An automated target species
selection method for dynamic adaptive chemistry simulations. Combust. Flame,
162(4):1358–1374, 2015.
[97] L. Liang, J.G. Stevens, and J.T. Farrell. A dynamic adaptive chemistry scheme
for reactive flow computations. Proc. Combust. Inst., 32(1):527–534, 2009.
[98] J. Yang, V.I. Golovitchev, P. Redón Lurbe, and J.J. López Sánchez. Chemical
kinetic study of nitrogen oxides formation trends in biodiesel combustion. Int.
J. Chem. Eng., pages 1–22, 2012.
[99] S.M. Correa. A review of nox formation under gas-turbine combustion conditions. Comb. Sci. Tech., 87(1-6):329–362, 1993.
[100] Y.B. Zeldovich. The oxidation of nitrogen in combustion and explosions. Euro.
Phys. J. A., 21:577, 1946.
[101] Y.B. Zeldovich, D. Frank-Kamenetskii, and P. Sadovnikov. Oxidation of nitrogen in combustion. Publishing House of the Acad of Sciences of USSR, 1947.
[102] C.P. Fenimore. Formation of nitric oxide in premixed hydrocarbon flames.
Thirteenth Symposium (International) on Combustion, 13:373–380, 1971.
[103] D. Iverach, K.S. Basden, and N.Y. Kirov. Formation of nitric oxide in fuel-lean
and fuel-rich flames. Fourteenth Symposium (International) on Combustion,
14:767–775, 1973.
[104] J. Wolfrum. Bildung von stickstoffoxiden bei der verbrennung. Chemie Ingenieur Technik, 44(10):656–659, 1972.
174

[105] T.F. Lu and C.K. Law. Toward accommodating realistic fuel chemistry in
large-scale computations. Prog. Energy Combust. Sci., 35(2):192–215, 2009.
[106] G. Li and H. Rabitz. A general analysis of exact lumping in chemical kinetics.
Chem. Eng. Sci., 44(6):1413–1430, 1989.
[107] H. Huang, M. Fairweather, J.F. Griffiths, A.S. Tomlin, and R.B. Brad. A systematic lumping approach for the reduction of comprehensive kinetic models.
Proc. Combust. Inst., 30(1):1309–1316, 2005.
[108] S.S. Ahmed, F. Mauß, G. Moréac, and T. Zeuch. A comprehensive and compact n-heptane oxidation model derived using chemical lumping. Phys. Chem.
Chem. Phys., 9:1107–1126, 2007.
[109] S.P. Zeppieri, S.D. Klotz, and F.L. Dryer. Modeling concepts for larger carbon
number alkanes: a partially reduced skeletal mechanism for n-decane oxidation
and pyrolysis. Proc. Combust. Inst., 28(2):1587–1595, 2000.
[110] P. Pepiot-Desjardins and H. Pitsch. An automatic chemistry lumping method
for the reduction of large chemical kinetic mechanisms. Combust. Theory
Model., 12(6):1089–1108, 2008.
[111] A. Nigam and M.T. Klein. A mechanism-oriented lumping strategy for heavy
hydrocarbon pyrolysis: imposition of quantitative structure-reactivity relationships for pure components. Ind. Eng. Chem. Res., 32(7):1297–1303, 1993.
[112] K. Brezinsky, E.J. Burke, and I. Glassman. The high temperature oxidation of

175

butadiene. Twentieth Symposium (International) on Combustion, 20(1):613–
622, 1985.
[113] B. Sirjean, E. Dames, D. Sheen, and H. Wang. Simplified chemical kinetic
models for high-temperature oxidation of c1 to c12 n-alkanes. 6th National
Meeting of the U.S. National Combustion Institute, 2009.
[114] C. Ji, E. Dames, Y.L. Wang, H. Wang, and F.N. Egolfopoulos. Propagation and
extinction of premixed c5-c12 n-alkane flames. Combust. Flame, 157(2):277–
287, 2010.
[115] I. Glassman, R.A. Yetter, and N. Glumac. Combustion. Academic press, 2014.
[116] E. Ranzi, A. Frassoldati, R. Grana, A. Cuoci, T. Faravelli, A.P. Kelley, and
C.K. Law. Hierarchical and comparative kinetic modeling of laminar flame
speeds of hydrocarbon and oxygenated fuels. Prog. Energy Combust. Sci.,
38(4):468–501, 2012.
[117] T. Hirasawa, C.J. Sung, A. Joshi, Z. Yang, H. Wang, and C.K. Law. Determination of laminar flame speeds using digital particle image velocimetry:
binary fuel blends of ethylene, n-butane, and toluene. Proc. Combust. Inst.,
29(2):1427–1434, 2002.
[118] X. You, F.N. Egolfopoulos, and H. Wang. Detailed and simplified kinetic models of n-dodecane oxidation: The role of fuel cracking in aliphatic hydrocarbon
combustion. Proc. Combust. Inst., 32(1):403–410, 2009.

176

[119] H. Wang and M. Frenklach. Detailed reduction of reaction mechanisms for
flame modeling. Combust. Flame, 87:365–370, 1991.
[120] M. Chaos, A. Kazakov, Z. Zhao, and F.L. Dryer. A high-temperature chemical
kinetic model for primary reference fuels. Int. J. Chem. Kinet., 39(7):399–414,
2007.
[121] Y. Chang, M. Jia, Y. Li, Y. Liu, M. Xie, H. Wang, and R.D. Reitz. Development of a skeletal mechanism for diesel surrogate fuel by using a decoupling
methodology. Combust. Flame, 162(10):3785–3802, 2015.
[122] E. Ranzi, T. Faravelli, P. Gaffuri, and A. Sogaro. Low-temperature combustion:
automatic generation of primary oxidation reactions and lumping procedures.
Combust. Flame, 102:179–192, 1995.
[123] E. Ranzi, M. Dente, A. Goldaniga, G. Bozzano, and T. Faravelli. Lumping
procedures in detailed kinetic modeling of gasification, pyrolysis, partial oxidation and combustion of hydrocarbon mixtures. Prog. Energy Combust. Sci.,
27:99–139, 2001.
[124] R. Xu, D. Chen, K. Wang, Y. Tao, J.K. Shao, T. Parise, Y. Zhu, S. Wang,
R. Zhao, D.J. Lee, F.N. Egolfopoulos, D.F. Davidson, R. Hanson, T. Bowman,
and H. Wang. Hychem model: application to petroleum-derived jet fuels. 10th
National Meeting of the U.S. National Combustion Institute, 2017.
[125] H. Wang, R. Xu, K. Wang, C.T. Bowman, R.K. Hanson, D.F. Davidson,
K. Brezinsky, and F.N. Egolfopoulos. A physics-based approach to model-

177

ing real-fuel combustion chemistry - i. evidence from experiments, and thermodynamic, chemical kinetic and statistical considerations. Combust. Flame,
193:502–519, July 2018.
[126] T. Malewicki and K. Brezinsky. Experimental and modeling study on the
pyrolysis and oxidation of n-decane and n-dodecane. Proc. Combust. Inst.,
34(1):361–368, 2013.
[127] C. Laurent, C.J. Frewin, and P. Pepiot. A novel atom tracking algorithm for the
analysis of complex chemical kinetic networks. Combust. Flame, 173:387–401,
2016.
[128] D. Weininger. Smiles, a chemistry language and information system. 1. introduction to methodology and encoding rules. J. Chem. Inf. Comp. Sci.,
28(1):31–36, 1988.
[129] M. Frenklach. Systematic optimization of a detailed kinetic model using a
methane ignition example. Combust. Flame, 58(1):69–72, 1984.
[130] S.G. Davis, A.B. Mhadeshwar, D.G. Vlachos, and H. Wang. A new approach
to response surface development for detailed gas-phase and surface reaction
kinetic model optimization. Int. J. Chem. Kinet., 36(2):94–106, 2003.
[131] L. Cai and H. Pitsch. Optimized chemical mechanism for combustion of gasoline surrogate fuels. Combust. Flame, 161(2):405–415, 2014.
[132] G. Goldin, Z. Ren, Y. Gao, T.F. Lu, H. Wang, and R. Xu. Heeds optimized

178

hychem mechanisms. ASME Turbo Expo 2017: Turbomachinery Technical
Conference and Exposition, 2017.
[133] K. Narayanaswamy, P. Pepiot, and H. Pitsch. A chemical mechanism for low
to high temperature oxidation of n-dodecane as a component of transportation
fuel surrogates. Combust. Flame, 161(4):866–884, 2014.
[134] S. Salvador and P. Chan. Toward accurate dynamic time warping in linear
time and space. Intel. Data Anal., 11(5):561–580, 2007.
[135] S.G. Johnson. The nlopt nonlinear-optimization package, 2014.
[136] Y. Gao, R. Shan, S. Lyra, C. Li, H. Wang, J.H. Chen, and T.F. Lu. On
lumped-reduced reaction model for combustion of liquid fuels. Combust. Flame,
163:437–446, 2016.
[137] J. Smolke, F. Carbone, F. N. Egolfopoulos, and H. Wang. Effect of n-dodecane
decomposition on its fundamental flame properties. Combust. Flame, 190:65–
73, 2018.
[138] T.F. Lu and C.K. Law. Strategies for mechanism reduction for large hydrocarbons: n-heptane. Combust. Flame, 154(1-2):153–163, 2008.
[139] N. Jaouen, L. Vervisch, P. Domingo, and G. Ribert. Automatic reduction and
optimisation of chemistry for turbulent combustion modelling: Impact of the
canonical problem. Combust. Flame, 175:60–79, 2017.

179

[140] J. Bellan. From elementary kinetics in perfectly stirred reactors to reduced
kinetics utilizable in turbulent reactive flow simulations for combustion devices.
Combust. Flame, 184:286–296, 2017.
[141] G. Esposito and H.K. Chelliah. Skeletal reaction models based on principal
component analysis: Application to ethylene–air ignition, propagation, and
extinction phenomena. Combust. Flame, 158(3):477–489, 2011.
[142] P.K. Jha and C.P.T. Groth. Tabulated chemistry approaches for laminar
flames: evaluation of flame-prolongation of ildm and flamelet methods. Comb.
Theory Model., 16(1):31–57, 2012.
[143] B. Fiorina, O. Gicquel, L. Vervisch, S. Carpentier, and N. Darabiha. Approximating the chemical structure of partially premixed and diffusion counterflow
flames using fpi flamelet tabulation. Combust. Flame, 140(3):147–160, 2005.
[144] B. Fiorina, R. Vicquelin, P. Auzillon, N. Darabiha, O. Gicquel, and D. Veynante. A filtered tabulated chemistry model for les of premixed combustion.
Combust. Flame, 157(3):465–475, 2010.
[145] H. Yang, Z. Ren, T.F. Lu, and G.M. Goldin. Dynamic adaptive chemistry for
turbulent flame simulations. Combust. Theory Model., 17(1):167–183, 2013.
[146] R.J. Kee, J.F. Grcar, M.D. Smooke, J.A. Miller, and E. Meeks. Premix: a
fortran program for modeling steady laminar one-dimensional premixed flames.
Technical Report SAND85-8249, Sandia National Laboratories, 1985.

180

[147] I.G. Zsély and T. Turányi. The influence of thermal coupling and diffusion
on the importance of reactions: The case study of hydrogen–air combustion.
Phys. Chem. Chem. Phys., 5(17):3622–3631, 2003.
[148] T.F. Lu and C.K. Law. A criterion based on computational singular perturbation for the identification of quasi steady state species: A reduced mechanism
for methane oxidation with no chemistry. Combust. Flame, 154(4):761–774,
2008.
[149] A. Stagni, A. Frassoldati, A. Cuoci, T. Faravelli, and E. Ranzi. Skeletal mechanism reduction through species-targeted sensitivity analysis. Combust. Flame,
163:382–393, 2016.
[150] W. Sun, Z. Chen, X. Gou, and Y. Ju. A path flux analysis method for the reduction of detailed chemical kinetic mechanisms. Combust. Flame, 157(7):1298–
1307, 2010.
[151] Y. Ra and R.D. Reitz. A reduced chemical kinetic model for ic engine combustion simulations with primary reference fuels. Combust. Flame, 155(4):713–738,
2008.
[152] W. Liu, R. Sivaramakrishnan, M.J. Davis, S. Som, D.E. Longman, and T.F. Lu.
Development of a reduced biodiesel surrogate model for compression ignition
engine modeling. Proceedings of the Combustion Institute, 34(1):401–409, 2013.
[153] A. Felden. Development of Analytically Reduced Chemistries (ARC) and applications. PhD thesis, Institut National Polytechnique de Toulouse, 2017.

181

[154] R. Xu, K. Wang, S. Banerjee, J. Shao, T. Parise, Y. Zhu, S. Wang,
A. Movaghar, D.J. Lee, R. Zhao, et al. A physics-based approach to modeling real-fuel combustion chemistry–ii. reaction kinetic models of jet and rocket
fuels. Combust. Flame, 193:520–537, 2018.
[155] J.M. Simmie. Detailed chemical kinetic models for the combustion of hydrocarbon fuels. Prog. Energy Combust. Sci., 29(6):599–634, 2003.
[156] J.O. Hirschfelder, C.F. Curtiss, R.B. Bird, and M.G. Mayer. Molecular theory
of gases and liquids, volume 26. Wiley New York, 1954.
[157] R.B. Bird, W.E. Stewart, and E.N. Lightfoot. Transport Phenomena. John
Wiley and Sons, 1960.
[158] C.R. Wilke. A viscosity equation for gas mixtures. J. Phys. Chem., 18(4):517–
519, 1950.

182

