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1. Introduction 

Combustion is an important field of research, since a significant share of electrical energy 

and the majority of the energy needed for transportation is produced by burning various fuels. 

To optimize the efficiency and control the emission of pollutants in engines, gas turbines and 

other combustion devices, it is important to possess an accurate knowledge of the physical 

and chemical properties of the fuels, and the details of the combustion process. Through the 

advances in computational capacities, it is now possible to model the fluid dynamics and the 

detailed chemical processes in engines or gas turbines. The accuracy of the computational 

fluid dynamics (CFD) simulations is limited by both the simplifications of the employed flow 

model and the accuracy of the chemical model describing the combustion process. Therefore, 

to produce predictive CFD simulations for applied systems, an accurate knowledge of the 

chemical processes is essential. 

There is a hierarchical relationship between the combustion models of large hydrocarbon 

molecules, such as n-heptane or iso-octane, and smaller fuel molecules including hydrogen 

and CO [1]. Many reactions involved in the combustion of hydrogen play an important role at 

the high-temperature combustion of all larger fuel molecules, and similar dependencies exist 

among most intermediate fuel molecules. Figure 1.1 shows the hierarchical relationship 

between the combustion mechanisms of the different fuel molecules. 

 

Figure 1.1. Hierarchical relationship between the combustion mechanisms of different fuels. 

All mechanisms contain and strongly depend on the parameters of fuels lower in the figure. 

The figure was recreated based on the paper of Westbrook and Dryer [1]. 
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Based on this hierarchical relationship between the high-temperature combustion 

mechanisms, it is obvious that predictive and accurate models can only be efficiently created 

by “building up” from the combustion mechanisms of small molecules. 

Today a shift towards non-hydrocarbon fuels can also be seen, in an attempt to replace the 

non-renewable fuels with renewable ones. Certain types of fuels, such as alcohols are already 

used in commercially available automobiles either as a gasoline additive or as the primary 

fuel. Others, such as hydrogen and syngas are investigated as CO2-free or -neutral fuels. 

This work describes the development of a hydrogen combustion mechanism, and a joint 

hydrogen and syngas combustion mechanism based on a large set of experimental data. It is 

demonstrated that such a “bottom up” approach of model development based on parameter 

optimization can be carried out, and that the resultant models can provide a more accurate 

description that any of the previously published models. 

It is also demonstrated that a systematic chemical kinetic optimization approach can be 

used as a means of data processing of experiments carried out in complex chemical 

environments. Such a method can be used to extract as much information as possible from 

experimental results, and provide a meaningful quantification of the uncertainty of the 

determined parameters. This was demonstrated via the optimization of models of ethyl-iodide 

pyrolysis, and high pressure combustion and pyrolysis of ethane. 
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2. Literature overview 

This section provides an overview of the most typical experimental methods in gas phase 

combustion and the modelling methods required to simulate such experiments. It also 

describes the optimization methods applied to combustion models, and the related approaches, 

such as response surface generation and application during model optimization. 

In the sections describing the simulation methods for each experiment type, there are 

several figures showing simulation results. All these simulation results were calculated by the 

author of this thesis using the simulation codes of CHEMKIN-II package [2]. 

 

2.1 Simulation of combustion experiments 

2.1.1 Homogeneous models 

Spatially homogenous models are often used in combustion modelling to simulate simple 

experimental setups. In spatially homogenous models the differential equations describing the 

rate of change of concentrations of chemical species are given by the following equation. 
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where ci is the concentration of the i-th species, rj is the rate of the j-th reaction and Δνij is 

defined as 
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numbers of the i-th species for the j-th reaction, respectively. 

In gas phase kinetics the reaction rates can be expressed using mass action kinetics. 
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where Ns is the number of reactants and k is the rate coefficient of the reaction. Rate 

coefficients do not depend on the concentration of any species in the reactive system, but 

typically depend on the temperature. 

It is common to use the same mass action formalism for somewhat more complex 

reactions, such as unimolecular decomposition and association reactions where energy 

redistribution is an integral part of the process. In such cases the same formalism can be 
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applied but the rate coefficient is not a true one, as it can depend on the concentrations of 

species through pressure or specific collider effects. The temperature and pressure 

dependence of rate coefficients is discussed later, in Section 2.2. 

Apart from the differential equations given by Equation (2.1) for the calculation of the 

change of the molar concentrations of each chemical species, similar equations have to be 

solved for the physical properties of the system. The addition equations that have to be solved 

depend on the type of the physical system that was selected. Both closed and open systems 

can be used for the modelling of different experiments. First, the closed systems are 

discussed. The most common types of closed systems applied in combustion modelling are 

given in Table 2.1. 

Table 2.1. Commonly used physical systems for modelling combustion experiments. 

System type Constants Variables Additional equations 

Isothermal, isobaric T, p – – 

Adiabatic, isobaric H, p T 
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Further physical model types can be formulated, by having one of the physical attributes 

listed as constants in Table 2.1 change explicitly with time. The most commonly used 

physical attributes with an explicit time dependence are the temperature in an isobaric system, 

and the volume in an adiabatic system. Explicit time dependence of the temperature is used, 

for example, if there is a known temperature profile along a tubular reactor. Explicit time 

dependence for the volume can be used to model actual compression or expansion of the 

reactor volume. 

 

2.1.2. Modelling shock tube experiments 

Shock tubes are commonly used to investigate combustion systems, primarily the 

homogenous ignition phenomena. The experimental conditions at which gas mixtures can be 

investigated in shock tubes are approximately 900 – 2500 K and 0.1 – 50 atm. Specialized 
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shock tube facilities also exist for extremely high pressure measurements up to approximately 

1000 atm. 

Shock tubes are relatively long, cylindrical tubes that are partitioned into two sections that 

are separated by a diaphragm or in rarer cases a valve system. The sections are called the 

driver and the driven sections, respectively. The driver section is typically filled up with an 

inert gas (e.g. argon or helium), while the driven section is filled with the gas mixture that is 

to be investigated. Initially the driven gas is at kept at room temperature and low pressure, 

while the pressure of the driver gas is increased. When a sufficient pressure difference 

between the driver and driven section is reached, then the diaphragm shatters and a 

shockwave forms due to the large pressure difference between the two sections. The 

shockwave propagates through the driven section of the shock tube, compresses the driven 

gas and is finally reflected at the end of the shock tube. 

The compression heats up the driven gas in less than a microsecond and after the reflection 

of the shockwave the compressed gas mixture behaves as an adiabatic system for 1–2 ms. The 

pressure and temperature behind the reflected shockwave can be calculated from the pre-

shock gas state and the velocity of the shockwave. The latter can be measured using pressure 

transducers placed along the driven section of the shock tube. 

After the reflection of the shockwave, properties of the compressed gas mixture can be 

monitored through several means. The most common techniques are measuring the pressure at 

the end of the shock tube, or utilizing absorption or emission spectroscopic measurements to 

monitor the concentrations of certain species using windows located on the sidewalls of the 

shock tube near its end. As the experiments are carried out at relatively high temperatures, in 

many systems an ignition event can be observed which is accompanied by a sharp increase in 

pressure and the concentrations of certain radicals. The delay between the reflection of the 

shockwave and the ignition event is called the ignition delay time or time to ignition, and it is 

the most common type of experimental result to be published in shock tube studies. 

The time to ignition can be defined in several ways. The most common definition types are 

the time of the maximum slope; extrapolation from the maximum slope to the baseline of the 

pressure or a radical concentration; or the maximum of a radical concentration. The most 

commonly monitored radicals are OH and CH, because of their relatively high concentrations 

during ignition events and easily detectable electronic transitions. It is important to note that 

absorption and emission measurements should be modelled in different ways. During 



10 

 

absorption measurements the concentration of the ground state radical is monitored, but 

emission signals are proportional to the concentration of the electronically excited species. 

Based on the near-ideal behaviour of the gas mixture behind the reflected shockwave, 

shock tube experiments are typically modelled as a homogenous, adiabatic and constant 

volume system, as it corresponds most closely to physical state of the reactive gas mixture. 

However, it has been found by several authors [3-5] that at long ignition delay times, typically 

longer than 1–2 ms, the gas mixture behaves non-ideally. It has been determined that this is 

due to the attenuation of the shockwave, which increases the pressure of the gas mixture 

behind the shockwave. The increased pressure can significantly increase the reactivity of the 

gas mixture and shorten the ignition delay compared to the ideal adiabatic case. 

In the case of long ignition delays, it was found that the pressure rise can be modelled by 

including an isentropic compression process in the simulation, the rate of which is chosen to 

be in accordance with the experimentally observed pressure rise during the simulation of an 

experiment [3]. This simulated compression can reproduce the steady pressure rise and thus 

long ignition processes can also be modelled, if the rate of the pressure rise during the 

experiments is known. During the isentropic compression, the simulated volume change can 

be expressed according to the following equation [5, 6]. 
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where V0, ρ0 and p0 are the initial volume, density and pressure, respectively, and γ is the ratio 

of the constant pressure and constant volume heat capacities of the mixture. Equation (2.3) is 

appropriate for modelling arbitrarily complex pressure variations. However, for most shock 

tube experiments, it was found that the pressure rises linearly with time at the timescale of the 

experiments. In this case the following simplified equation can be used. 
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where v is the rate of the pressure rise, relative to the initial pressure. 

Unfortunately, this effect was reported only in the most recent publications. Pang et al. [3] 

published the extent of the non-ideal pressure rise during their ignition delay measurements of 

H2–air–Ar mixtures. However, they also reported a pre-ignition energy release, which was not 

quantified in their publication and therefore their experiments could not be simulated. Thi et 
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al. [7] also described the extent of pressure rise occurring during their shock tube study of 

syngas mixtures, but reported no further data that are needed to be taken into account during 

the simulations of their experiments and their experiments could be simulated by including a 

constant pressure rise in the simulations using Equation (2.4).  

An example for ignition delay measurements in a shock tube can be seen in Figure 2.1. A 

set of measurements by Thi et al. [7] is shown, who have found that there was a 4.22 %/ms 

pressure rise relative to the initial pressure behind the reflected shockwave during their 

experiments. Figure 2.1 shows the simulation results both with and without the inclusion of 

this effect. A significant discrepancy can be observed at long ignition delays. 

 

Figure 2.1. Measured ignition delay times for Thi et al. [7] and simulation results obtained 

with the Kéromnès 2013 mechanism [8]. Experimental results are given with symbols, the 

simulation results obtained by using the reported 4.22 %/ms pressure rise are given with a 

continuous line and the simulation results obtained without the pressure rise are given with a 

dashed line. Experimental conditions were p = 9.4 atm, H2/CO/O2/Ar = 2.8/1.2/2.0/94. 

  



12 

 

2.1.3. Modelling rapid compression machine experiments 

Rapid compression machines are used to investigate ignition phenomena at relatively low 

temperatures (T = 700 – 1200 K) and long ignition times (<1 ms). The facility consists of a 

single piston into which a reactive gas mixture can be loaded. During experiments the piston 

is used to compress the gas mixture and its position is held fixed after the compression stroke. 

The compression heats up and increases the pressure of the gas mixture, and the state at the 

end of compression can be varied though the initial state of the gas and the degree of 

compression. 

During an experiment typically the pressure of gas mixture is monitored, which can be 

used to record the compression stroke and the subsequent ignition event which can be 

identified by the sharp rise in pressure. Unlike in shock-tube experiments, the compression 

stroke cannot be considered instantaneous, and the long ignition delays lead to significant heat 

loss during experiments. The compression stroke and heat loss therefore has to be taken into 

account during simulations. 

Simulations are usually carried out using an adiabatic assumption and having the volume 

of the simulated system vary explicitly with time to model the compression stroke and heat 

loss in the system. Equation (2.3) can be used to convert the measured pressure profiles into 

volume profiles for the simulation of the experiment. 

 

2.1.4. Modelling flow reactor experiments 

Flow reactor experiments are carried out by having a gas mixture flow through a heated or 

thermally insulated pipe, and analysing the exit gas composition. Two commonly used 

experimental configurations exist. In one configuration, the components of the gas mixture 

that is to be analysed are preheated and injected at high velocity into the reactor which is not 

heated, only thermally insulated. The gases mix rapidly, the chemical reactions take place 

within the reactor, the mixture exits the reactor and the chemical composition of the outlet is 

analysed. Several inlet different positions of the inlet valves can be selected and by this the 

residence time of the mixture within the reactor can be varied. This way the concentrations of 

the measured species versus the reaction time can be obtained for a given initial temperature, 

pressure and inlet gas composition. An example of such a measurement performed by Mueller 

et al. [9] can be seen in Figure 2.2. 
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Figure 2.2. Experimental results from Mueller et al. [9] (symbols) and simulation results 

(solid line) obtained with the Kéromnès 2013 mechanism [8]. The symbols and the line show 

the experimental and simulation results, respectively. The simulation results are shifted in 

time to match with the experimentally observed half-depletion of the fuel. Experimental 

conditions were T = 914 K, p = 6.5 atm, H2/O2/N2 = 0.0136/0.0224/0.964. 

 

The advantage of such measurements is that these give direct information about the 

concentration profiles of a number of species which well characterize the kinetics of the 

system. A disadvantage of this method is that the time resolution is in the order of 

milliseconds, which only allows for relatively low temperature measurements in most 

combustion systems where the kinetics of the system is not too fast. Also, the gas mixture 

must be preheated, and therefore cannot be mixed before the time of the injection into the 

flow reactor to avoid early reactivity. This means that the initial conditions are not perfectly 

defined, since the time that the reactant gases spend in the reactor include the mixing time. 

For simplicity, such experiments are generally modelled as homogenous isobaric systems, 

but to account for the uncertainty of the mixing time the simulated profiles are shifted to 

match with the experimental ones based on a typical feature such as the time at which half of 
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the fuel has been depleted. This time shifting method has been commonly used for the 

interpretation of such experiments and Dryer et al. [10] recently investigated the justification 

of this method. Based on CFD modelling of flow reactor experiments they found that the 

mixing time can indeed be simulated as a constant shift. They noted, however, that if the 

simulation results are qualitatively different from the experiments, the time shift will partially 

mask the deficiencies of the model and is not physically meaningful. 

The other flow reactor configuration involves injecting a non-preheated, premixed mixture 

into a heated reactor. Typically only a relatively small zone of the reactor is heated, and the 

reactor is intensely cooled after the heated zone, so that the reactions take place only in the 

heated zone and the transition between the zones is fast. Accordingly, these experiments are 

simulated as homogenous reactors where only the heated part of the reactor is taken into 

account. The initial temperature of the simulations is equal to that of the heated zone and the 

simulation time corresponds to the time of the gas spent in the heated zone. The system is 

typically considered to be a constant volume adiabatic reactor, as the heat produced by the 

reactive mixture does not dissipate quickly through the reactor walls. An alternative approach 

is to assume that the temperature of the reactive gas is identical to the temperature of the 

reactor walls, which can be experimentally measured. This approach can be used if the 

reactions that take place in the reactor during an experimental run do not produce or consume 

large amount of heat. 

In such experimental datasets typically the mass flow of the reactant mixture is kept 

constant and the temperature of the reactor is varied. This also changes the residence time 

within the heated zone of the reactor, assuming that the gas behaves ideally, the residence 

time is inversely proportional to the temperature of the heated zone. An example of such an 

experimental dataset can be seen in Figure 2.3. 
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Figure 2.3. Experimental H2 and O2 outlet concentrations measured in a flow reactor by 

Hashemi et al. [11], and simulation results obtained with the Kéromnès 2013 mechanism [8]. 

The experimental results are given with symbols (H2: squares; O2: triangles) and the 

simulation results are given with lines (H2: solid; O2: dashed). The experimental conditions 

were p = 50 atm; τ (residence time) = 5661 s K / T; H2/O2/N2 = 0.0031/0.0015/0.99539. 

 

2.1.5. Modelling jet-stirred reactor experiments 

Jet-stirred reactors are small, typically spherical reactors that are thermally insulated. 

Gases are injected into the reactor at high velocity, typically using several inlets, in such a 

way to minimize the mixing time within the reactor, and there is a single outlet of the reactor. 

Using such an experimental setup, stationary conditions may develop inside the reactor with 

well-defined temperature, pressure, residence time of the gases and composition of the outlet 

gases. Accordingly, this type of experimental setup is sometimes also called a perfectly stirred 

reactor or PSR. To determine if the reactor conditions can be considered homogenous, 

typically the temperature is measured along the axis of the reactor; a variation of 

approximately 5 K is considered admissible. 
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The temperature or the inlet composition is varied typically within an experimental series 

and the composition of the outlet mixture is measured after achieving a stationary state within 

the reactor. An example of such a dataset can be seen in Figure 2.4. 

 

 
Figure 2.4. Experimental H2, CO and CO2 outlet concentrations measured in a jet-stirred 

reactor by Dagaut et al. [12], and simulation results obtained with the Kéromnès 2013 

mechanism [8]. The experimental results are indicated with symbols (H2: squares; CO: 

triangles; CO2: diamonds) and the simulation results are given with lines (H2: solid; CO: 

dashed; CO2: dotted). The experimental conditions were p = 1 atm;  

τ (residence time) = 0.12 s; H2/CO/O2/N2 = 0.002/0.002/0.02/0.976. 

 

Jet-stirred reactor experiments are simulated as homogenous systems, with source terms 

corresponding to the continuous gas inlet and outlet. The reactor is assumed to be at a 

constant temperature (known from the experiment) or as an adiabatic system. Generally the 

two approaches give similar results, since the gas mixtures used in the experiments are highly 

diluted. Throughout this work adiabatic simulations were used. 
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2.1.6. Modelling laminar burning velocities  

The laminar burning velocity is a well-defined property. It is the speed of a freely 

propagating flame if it is an ideal flat flame with infinite surface, propagating in a 

homogenous gas mixture that does not flow perpendicularly to the direction of the flame 

propagation. The conditions above also imply that the system is adiabatic and non-turbulent. 

At these idealized conditions the speed of the flame propagation is constant in time and it is 

called the laminar burning velocity. 

Naturally, all conditions above cannot be met in an actual experiment. However, several 

experimental methods exist which approach these conditions to sufficient degree, to allow for 

extrapolation to the ideal conditions. Such experimental techniques are the spherically 

expanding flames, heat-flux burners, conical flames and twin flame burners [13]. 

Modelling of freely propagating flames involves 1-D simulations, where the spatial 

distribution of species concentrations and gas temperature must be modelled. This is achieved 

by creating grids composed of finite length cells, within which homogeneous conditions are 

assumed, and there is mass and heat transport between the adjacent cells. By refining the 

simulation grid, the true continuous solution to the differential equations can be 

approximated. 

We have found through extensive numerical testing, that the simulated laminar flame 

speeds typically decrease when the grid is refined, but the effect diminishes with the increase 

of the number of grid points and the results are converged above 600 grid points. Figure 2.5 

shows an example for a syngas-air flame at typical measurement conditions. Similar 

behaviour was observed for all other conditions and gas mixtures. Figure 2.6 shows a set of 

experimentally determined laminar burning velocities and simulation results at the conditions 

of the experiments. 
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Figure 2.5. Dependency of simulated laminar burning velocities of a syngas-air flame on the 

number of grid points on the 1D grid. Simulations were performed using the Kéromnès 2013 

mechanism [8]. The experimental conditions are given in the figure. 

 
Figure 2.6. Experimental laminar burning velocities of hydrogen–air mixtures measured by 

Hermanns et al. [14] and simulation results obtained with the Kéromnès 2013 mechanism [8]. 

The experimental conditions were Tinit = 298 K, pinit = 1 atm. 
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2.2. Parametrization of combustion models 

2.2.1. Parametrization of rate coefficients 

In gas kinetics the temperature dependence of rate coefficients are generally described with 

the extended Arrhenius equation. 
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Here A, n and E are the three Arrhenius parameters. It should be noted that parameter E is 

typically not the activation energy of the reaction. This is true only in the special case of 

n = 0, where the extended Arrhenius equation is equivalent to the classical two parameter 

Arrhenius equation. 

The rate coefficients for some complex reaction types, primarily for the association and 

dissociation reactions, are known to depend on the pressure. Several different formalisms 

exist for the parametrization of the pressure dependence of rate coefficients. The first widely 

used parametrization was the Lindemann-Hinshellwood model, which also provided a 

theoretical background for the pressure dependence. 

The basic assumption of the Lindemann-Hinshellwood model is that during an association 

reaction, when the product molecule is formed, it has enough internal energy to dissociate 

back into the reactants, therefore the newly formed excited product molecule must collide 

with a “third body” to lose its excess energy and stabilize. This process can be described by 

the following reactions. 

A + B → AB* (R2.1) 

AB* → A + B (R2.2) 

AB* + M→ P + M (R2.3) 

where A and B are the reactants, AB* is the excited complex, P is the stable product and M is 

an arbitrary molecule to which the excess energy of AB* is transferred. 

The rate coefficient of the net A + B → P reaction has the following form. 
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where k∞ is the high pressure limit rate coefficient, and Pr is the reduced pressure given by the 

following equation. 



20 

 




k

k
Pr

]M[0
 (2.7) 

where k0 is the low pressure limit rate coefficient and [M] is the total gas concentration. 

Thermally activated unimolecular decomposition reactions can be handled similarly. The 

reactant molecule must collide with other arbitrary molecules to obtain sufficient energy for 

the decomposition reaction and the excited form can either decompose or lose its excited state 

through another collision. Here the mechanism consists of the following reactions.  

A + M → A*+M (R2.4) 

A* + M → A+M  (R2.5) 

A*→P (R2.6) 

It can be shown that the same equation is obtained for the unimolecular decomposition rate 

coefficient as for the bimolecular rate coefficient of association reactions. 

The Lindemann-Hinshellwood model provides a simplified theoretical basis for the 

pressure dependence of association and dissociation reactions, and it cannot always be used to 

adequately describe the experimentally observed pressure dependence of most reactions in a 

sufficiently wide pressure range. Further equations were developed to describe more 

accurately the experimental observations and theoretical results. In combustion modelling, the 

approach of Troe [15] became the most widespread for the pressure dependent reactions of 

small molecules. 

The Troe formalism introduces an additional F factor to equation (2.7): 
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where F is a unitless value calculated by the following equation. 
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The values Fcent, c, d and n are defined in the following way. 

cent
log67.04.0 Fc   (2.10a) 

cent
log27.175.0 Fn   (2.10b) 

14.0d  (2.10c) 
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Parameters α, T*, T** and T*** can be fitted to describe the pressure dependence more 

accurately than the Lindemann form.  

Other parametrizations exist which are also used in combustion modelling such as the SRI 

form, or more generalized forms including logarithmic interpolation between different 

Arrhenius equations at several pressures (known as the PLOG formalism), or simultaneously 

expressing the temperature and pressure dependence of the rate coefficients with two 

dimensional Chebyshev polynomials. However, the models used in the present work all 

utilize the Troe formalism to parametrize pressure dependent rate coefficients, therefore other 

formalisms are not described here. 

 

2.2.2. Parametrization of thermodynamic properties 

The thermodynamic properties of chemical species are typically expressed using NASA 

polynomials. A NASA polynomial expresses directly the molar heat capacity at constant 

pressure, molar enthalpy of formation and molar entropy of species, as functions of 

temperature. These functions can then be used to express other properties. 

A fourth order polynomial is used to express the heat capacity at constant pressure as a 

function of temperature. 
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where ai are the coefficients of the NASA polynomial. By integrating the equation above 

according to T, on the right side we obtain the enthalpy of formation at a given T. On the left 

side, the integration of the polynomial terms is trivial and the integration constant arises 

which is denoted by a6. The integrated form can be expressed in the following way. 
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Similarly, the molar entropy of the species can be obtained by integrating cp/RT according 

to T.  
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where a7 is another integration constant. Altogether these seven coefficients define a NASA 

polynomial. 

The full characterization of the thermodynamic properties of a species is typically done 

using two such polynomials, one defined for lower and one for higher temperatures, where the 

limiting temperature has to be specified too. Naturally, care has to be taken to make sure that 

all properties are continuous at the point of switching between the polynomials. 

As an example for a polynomial, the molar heat capacity of water at constant pressure can 

be seen in Figure 2.7. 

 
Figure 2.7. Molar heat capacity of water at constant pressure. Data were taken from the 

database of Burcat [16]. 
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2.3 Development of combustion models 

Traditionally, direct and indirect chemical kinetic measurements have been distinguished 

in combustion chemistry. Direct measurements are those, where the experimental results do 

not depend on more than one rate coefficient, e.g. when an exponential decay of the 

concentration of a single species is measured, which is depleted by a single first order 

reaction. Naturally, this requires a careful selection of the experimental conditions. On the 

other hand, indirect experiments are those where the measured results depend on several rate 

coefficients and other physical-chemical properties, and therefore the experimental data can 

generally be interpreted only in terms of a complex chemical model. Typical examples for 

indirect studies are ignition delay time and laminar flame velocity measurements. In some 

cases, direct and indirect measurements cannot be distinguished clearly. It is extremely 

difficult and for most reactions outright impossible to select experimental conditions where 

truly a single rate coefficient determines the behaviour of the investigated reaction system, 

and most often some simplifications are employed. For example, in many cases the 

experimental data are interpreted using a few-step mechanism and values of other rate 

coefficients are assumed to be known during the evaluation of the experimental results.  

Determination of the rate parameters of detailed reaction mechanisms is usually based on 

direct kinetic measurements. If direct measurements are not available, the rate coefficients can 

be estimated by theoretical calculations or chemical analogies. Comprehensive data 

evaluations based on direct measurements have been were published e.g. by Baulch et al. [17, 

18], Warnatz et al., Tsang et al. and Konnov [19]. For many gas phase elementary reactions, 

the rate coefficients have been measured by several groups and at a given temperature the rate 

coefficients typically have an uncertainty of 10% to 30%, even for the best known 

reactions. 

When the rate parameters determined in direct measurements are used in a detailed 

reaction mechanism, the kinetic model usually does not reproduce well the results of indirect 

measurements. This is due to the relatively large uncertainty of the rate coefficients. In almost 

all mechanisms suggested in the literature, some of the rate parameters have been tuned, i.e. 

modified manually, to reproduce the indirect experimental data. 

A more systematic approach was proposed by Frenklach and his co-workers, who 

suggested fitting the A-factors of the most important reaction steps to the results of selected 

indirect measurements using model optimization techniques. The first articles on the topic of 
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kinetic mechanism optimization were written by Miller and Frenklach [20]. The basic method 

was described in the article of Frenklach, Wang, and Rabinowitz [21]. This method was used 

to create the GRI mechanisms, which describe the combustion of methane and NOx formation 

during methane combustion. The first versions of the GRI-mechanism (GRI-Mech 1.2 [22] 

and GRI-Mech 2.11 [23]) were replaced in 1999 with GRI-Mech 3.0 [24], which is the latest 

version. GRI-Mech 3.0 served as an example of data collaboration studies in the papers of 

Frenklach et al. [25-28].  

Another series of mechanism optimization papers were published by Wang et al. They 

optimized combustion mechanisms of other fuels, like propane [29], H2/CO mixtures [30], 

ethylene [31] and n-heptane [32]. These articles of Wang et al. dealt with the improvement of 

the optimization methodology and investigated the relation of mechanism optimization and 

uncertainty analysis of combustion simulations. 
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2.4 Response surfaces in combustion modelling 

The simulation of combustion experiments involves finding solutions of ordinary or partial 

differential equations. These are computationally expensive tasks, especially the solution of 

partial differential equations which are required for flame modelling. To decrease the 

computational costs needed for a large number of simulations using different model 

parameters, such as parameter optimization methods, approximate algebraic models could be 

used instead of solving differential equations [21]. Such approximate models are typically 

called response surfaces. These are often polynomial functions that express a simulation result 

(e.g. an ignition delay or laminar burning velocity) at certain experimental conditions as a 

function of the values of the model parameters. 

Combustion models typically contain a very large number of parameters related to the 

kinetic properties of reactions and thermodynamic properties of species, generally more than a 

thousand for all but the simplest models. It would be entirely unfeasible to create a response 

surface that has the same number of parameters as the complete combustion model. Before 

the construction of a response surface, the “active parameters” of the model are identified. 

These are those parameters which have a significant effect on the investigated model result.  

Naturally, selection of the criteria of parameter significance is somewhat arbitrary. Often 

the active parameters are identified using local sensitivity analysis, which involves the 

calculation of the partial derivatives of the investigated model results with respect to the 

model parameters. A cutoff value can be selected above which the parameters are considered 

“active”. Even though such a selection is not entirely rigorous, it is quite typical in 

combustion modelling that only a small number or parameters are important during the 

generation of response surfaces [33] and the active parameters can naturally be separated from 

the non-active ones. 

 

2.4.1 Factorial design 

One of the simplest ways of creating a response surface for any complex model is by 

factorial design. Frenklach et al. suggested this method first in combustion chemistry and 

used this method extensively during the development of the GRI 2.1 and GRI 3.0 mechanisms 

[23, 24]. The first step of the factorial design method is selecting the model parameters that 

should be included in the response surface and defining a centre point in the space of the 
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model parameters where all model parameters are at their nominal values. This centre point 

typically corresponds to the centre of the uncertainty range of each parameter. 

Then, perturbed parameter sets are created around the centre point. For each parameter the 

perturbed values are determined independently and all combinations of perturbed values are 

used as perturbed parameter sets. If two perturbed values are used for each parameter and 

there are N parameters, then altogether 2N parameter sets are created. This case can be 

considered the minimal set of parameters in factorial design. 

The model is evaluated for each of the perturbed parameter sets and a polynomial 

interpolation model is constructed between the obtained values. In the case of a 2N 

configuration this means a linear model including all individual and pairwise effects of 

parameters. This can be expressed by the following equation. 
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The second order model above is called an interaction model, as it contains the first order 

effects for each parameter and second order interaction terms between all parameter pairs. 

This functional form was used by Frenklach et al. [21] during their development of the GRI 

Mech 3.0.  

 

2.4.2 Sensitivity Analysis Based Method 

Davis et al. [34] suggested the Sensitivity Analysis Based Method (SAB) as an alternative 

for the factorial design method for constructing response surfaces. The SAB can be 

considered a modified version of the factorial design method, which provides information at a 

lower computational cost, but more locally than the factorial method. This method involves 

the calculation of local sensitivity coefficients which are generally expressed in their 

normalized form, according to the following equation. 
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where ηi is an arbitrary positive modelled value and xj is a positive parameter value within the 

model. As these sensitivity coefficients provide information on the behaviour of a modelled 
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value with respect to the model parameters, they can be utilized in expressing response 

surfaces. 

Representing all model parameters in vector x, the dependence of the modelled value η can 

be expressed as a Taylor expansion with respect to x.  
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where L is the number of parameters. 

The following relationship holds for the first order derivatives of η. 

ii

i

fs
x

ln)0()0( 






 (2.17) 

where si is the normalized sensitivity coefficient of the i-th parameter. The first order 

expansion coefficients can be calculated solely based on local sensitivity information. For the 

higher order expansion terms higher order derivatives are required, which can be obtained 

through the derivation of the local sensitivity indices using a finite difference method.  
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where si,i an s-i,i are the local sensitivity indices with respect to the i-th parameter, calculated at 

a positively and negatively perturbed parameter value, respectively, and α is the degree of the 

perturbation. This method requires 4L2+2L+1 number of simulations to obtain second order 

terms which is more efficient than the full factorial method that requires 2N number of 

simulations. The relatively low computational cost is the primary advantage of the method. 

However, the drawback is that the response surface obtained this way is valid only within a 

narrow vicinity of the nominal parameter set. Accurate results should not be expected at 

extreme parameter values, especially in „corner cases” where multiple parameters are far from 

their initial values. 
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2.5. Optimization methods in combustion modelling 

The basic ideas behind mechanism optimization in combustion are described here. This 

section describes the methods and approaches by authors outside our research group. The 

methods employed at the Chemical Kinetics Laboratory of ELTE and in the present thesis, 

will be presented in Section 3. 

Typically, a starting mechanism is set up on the basis of data evaluations which is expected 

to contain all major chemical pathways with realistic rate coefficients, but may not provide a 

sufficiently accurate reproduction of critical indirect experimental data. Then, indirect 

measurement data are selected as “optimization targets”. These data can include laminar 

flame velocity, time-to-ignition, and concentration measurements in flames and flow reactors 

or other types of indirect experiments. Using local sensitivity analysis, the important reactions 

at the experimental conditions are identified, and the parameters describing the rate 

coefficients of these reactions are generally called “active parameters”. These active 

parameters most often have been Arrhenius parameters A. The uncertainty limits of the A 

factors are determined based on data evaluations. The active parameters are then optimized 

within their uncertainty limits to achieve the best agreement with the targets. 

A drawback of this method was that the optimized A-factors tended to be at the edges of 

the uncertainty interval. To overcome this problem, in the later works of Frenklach et al. [35] 

and Sheen and Wang [31] the objective function was extended in such a way that the 

deviation from the evaluated A-factor (determined on the basis of direct measurements) was 

also penalized. This approach resulted in optimized A-factors closer to the evaluated values. 

In the latest works of Frenklach et al. and Wang et al., the uncertainties of both the 

determined parameters and the simulation results were investigated [32, 35]. 

A similar idea of optimizing physical parameters using many measured or theoretically 

calculated data has been used for the determination of enthalpies of formation in the Active 

Thermochemical Table (ATcT) approach of Ruscic et al. [36] and in the NEAT method of 

Császár and Furtenbacher [37]. 

 

2.5.1. Optimization studies of Frenklach et al. 

One of the first successful applications of an optimization method for the development of a 

combustion mechanism was carried out by Frenklach [38]. He two ignition delay 



29 

 

measurements related to methane combustion and selected the A Arrhenius parameters of the 

five most important reactions at the conditions of the experiments. He constructed polynomial 

response surfaces using a factorial design approach and could obtain optimal values for the 

five rate coefficients, with which the experimental results could be reproduced. 

A similar approach was used later to optimize a methane combustion mechanism by 

Frenklach, Wang and Rabinowitz [21]. Here five indirect experiments were selected, 

including ignition delay, a laminar burning velocity and a concentration measurements. 

Second order response surfaces were generated for the simulation results of these experiments 

using a full factorial design, based on 13 highest sensitivity parameters of their initial model. 

The parameters were A Arrhenius parameters and the third body collider efficiencies. By 

carrying out a global optimization in restricted domain of the parameters they could achieve a 

better reproduction of the optimization targets. Unsurprisingly, however they found that the 

optimum is not unique due to the larger number of optimized parameters than optimization 

targets. 

Later the GRI Mech 3.0 was developed by Smith et al. [24] for the combustion of small 

hydrocarbons (including methane, ethane and propane) and NO formation, using a similar 

methodology. Here 31 A Arrhenius parameters were optimized against 77 targets which were 

various types of indirect measurements. 

 

2.5.2. Optimization and spectral uncertainty analysis 

Sheen et al. [31, 32] developed an optimization method based on the application of 

response surfaces, coupled with spectral uncertainty analysis to improve several combustion 

mechanisms. The core idea of the method is that both the simulation results of experiments 

and the uncertainty of model parameters can be expressed as a Taylor series, which leads to a 

convenient and straightforward way of finding optimal parameter values and propagation of 

experimental uncertainties to model parameters. This methodology has been applied to create 

optimized mechanisms for propane [29], H2/CO mixtures [30], ethylene [31] and n-heptane 

[32] combustion. 

Sheen et al. applied the following transformation to the parameters which were the rate 

coefficients of the reactions in their investigated mechanisms. 
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where ki,0 is the nominal value of the rate coefficient of the i-th reaction (typically the value 

contained in the model), ki is the actual value of the rate coefficient, fi is its uncertainty 

parameter and xi is the transformed parameter. The temperature independent f uncertainty 

parameter is defined in the following way. 

)/(log)/(log min,0,100,max,10 iiiii kkkkf   (2.21) 

where ki,min and ki,max are those values that are the lowest and highest values that are 

considered physically meaningful. Sheen et al. considered ki,min and ki,max to be equivalent to 

the 2σ uncertainty of the rate coefficients. This way the xi values are constrained within the  

[-1,1] bounds, as any smaller or larger value would fall outside the range considered 

physically meaningful.  

It should be noted that in equation (2.20) the rate coefficient of a reaction is considered to 

be a parameter of the combustion model. However, a rate coefficient is almost always 

parametrized with a two or three parameter Arrhenius expression in combustion models, or 

with even more parameters in the case of pressure dependent reactions. The above formalism 

can only express a temperature independent uncertainty of a rate coefficient and the variation 

of the xi parameters is equivalent to the variation of the A Arrhenius parameters of the 

corresponding reactions. 

A model result can be expressed as a Taylor expansion with respect to the model 

parameters. 
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where η is the model result at the conditions of an experiment that is to be modelled, η0 is the 

simulation result obtained with the nominal parameter set (i.e. xi = 0 for all i), x is the vector 

of the transformed parameters, L is the number of the active model parameters and ai and bij 

are the expansion coefficients. These expansion coefficients are the derivatives of the model 

result with respect to the model parameters. They were determined by Sheen et al. using the 

Sensitivity Analysis Based method, which has been discussed in detail in Section 2.4.2. 

Formally the summations in Equation (2.22) must be made over all parameters of the model 

but it is generally found in combustion models, that only a small number of „active 
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parameters” have non-negligible expansion coefficients. The active parameters can be 

identified using local sensitivity analysis, which is equivalent to calculating the first order 

expansion coefficients. 

A similar expansion to Equation (2.22) is used to express the uncertainty of the model 

parameters. 
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where αi and βij are expansion coefficients, x(0) is the vector of the mean parameters values 

and ξi are random variables. As the parameter uncertainties are expected to be normally 

distributed, ξi-s are assumed to have a standard normal distribution. The initial expansion 

coefficients can be easily expressed, as all αi = 0.5 so that when ξi = 2 then xi = 1. All βij and 

higher order coefficients are zero as initially the parameters are considered to be independent. 

Equation (2.23) for the expression of the model parameters can be substituted into equation 

(2.22) for the expression of the modelled results, giving the following equation. 


 


L

i

L

ij

jiij

L

i

ii

11

)0( ...ˆˆ)()(  βαxξ  (2.24) 

where coefficients are aIα  L
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1ˆ . Also, a and b are vectors and matrices 

of the response surface coefficients, respectively. 

This allows for the expression of the variance of the modelled results, truncating all terms 

above second order. 
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where r is the index of the modelled results. 

The equation above can be derived assuming linear error propagation of the model 

parameters to the model results, using the individual response surface coefficients which are 

different for each model results. It should be noted, that Sheen et al. always used first- and 

second-order terms only in their equations, as they found that this approach provides 

adequately accurate response surfaces. 
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To optimize a mechanism based on model results, for which response surfaces have been 

created, they used the following least-squares type error function.  
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where ηobs
r,0 is the r-th observed (experimental) attribute that modelled and σobs

r is the standard 

deviation of the observable. An additional constraint is given for the parameter values, which 

is 11  ix  for all i. By finding the minimum of the above error function, the optimal set of 

parameters x* can be found, while guaranteeing that the parameters are within their ranges of 

uncertainty. In the later studies an additional term was included in the error function to 

penalize the deviation of the parameters from their initial values. This was justified by setting 

the initial values of parameters based on direct measurements or theoretical determinations, 

and adherence to these values could be enforced through this addition. 

Assuming that the individual observables are independent from each other in a statistical 

sense, the observed results can be expressed in the following way. 
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By substituting equations (2.25) and (2.27) into the error function the following modified 

form can be obtained.  
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Using the above equation the vector of the optimal parameters can be obtained together 

with their corresponding spectral uncertainty expansion coefficients, α* and β*. The elements 

of α* contain the uncertainty corresponding to the individual reactions and β* contains 

information on the uncertainty from pairs of reactions. These can be used to determine the 

uncertainty of any single fitted parameter and the correlation coefficient between pairs. 
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3. Methods and techniques used for optimization of combustion 

models 

This section describes the methods developed at the Chemical Kinetics Laboratory of the 

Eötvös Loránd University for the optimization and uncertainty estimation of gas kinetic 

combustion models. The tasks related to the optimization, such as the estimation of the 

standard deviation of experimental data and response surface generation are also discussed in 

detail. 

A paper describing the main ideas and the implementation of the method was published 

[A1], which demonstrated the applicability of the method on the example of two crucial 

reactions of hydrogen combustion. I have contributed to the development of these methods 

via implementing a MATLAB program for the interpretation of experimental data files, 

controlling the simulations of experiments, carrying out sensitivity analysis, parameter 

optimization and the estimation of the uncertainty of the optimized parameters. The 

considerations about the estimation of the systematic errors of the data used for optimization, 

described in Section 3.2.1 are also my contribution. 

 

3.1 Optimization of combustion models 

3.1.1. Motivation and goals of the optimization method 

The goals of mechanism development in combustion are generally twofold. One goal is to 

create models that can reproduce experimental observations. The other one is to determine the 

physical parameters of the models. Models based on physically realistic parameters have the 

advantage that these are expected to provide good predictions at conditions where 

experimental data are not available. In combustion, rate coefficients are generally of the 

greatest interest, primarily as these are the most uncertain in combustion models. In this 

section the optimization methodology developed at ELTE is described that can be used to 

achieve the goals above. 

First, let us consider experiments in which the rate coefficient of a reaction can be directly 

measured at a certain temperature. The results of these experiments are generally rather 

uncertain, but if a large number of them is carried out, then these should define a range of 

uncertainty that contains the “true” value of the rate coefficient. Using several direct 
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measurements at different temperatures an uncertainty band of the rate coefficient as a 

function of temperature can be determined. In a similar way, high level theoretical methods 

can also determine the range of uncertainty of the rate coefficients. 

Typically, if the uncertainty of the rate coefficients obtained this way were propagated to 

the simulation results of indirect experiments, such as ignition delay or laminar burning 

velocity measurements, the uncertainty of the simulated values would be found much larger 

than the experimental scatter. However, indirect experiments cannot trivially be used to 

determine rate coefficients, as reproduction of the result of an indirect measurement requires 

simulations with a detailed reaction mechanism. Also, the result of an indirect experiment 

usually does not depend on rate coefficients at single temperature, but at a range of 

temperatures, therefore the temperature dependences of the rate coefficients have to be taken 

into account. 

These features of the direct and indirect measurements suggest an algorithm, in which the 

rate parameters that describe both direct and indirect experimental data the best are sought, in 

the uncertainty range of the corresponding rate coefficients, ensuring that the determined 

parameters are physically meaningful. The background of the approach is that all indirect 

measurements can be interpreted on the basis of the same complex mechanism. 

Determination of the rate parameters of elementary reactions using both direct and indirect 

measurements may be based on the following algorithm: 

 Large amount of indirect measurement data are collected that cover a wide range of 

experimental conditions. A model is selected from the literature or constructed that can 

qualitatively describe the experimental observations. 

 Sensitivity analysis is carried out with respect to the simulated values of the 

experimental results obtained with the previously selected model. The sensitivity 

analysis indicates for each simulation, which parameters can be determined if the 

experimental result is used as a fitting target. Based on the collection of experiments, 

all parameters are selected which the sensitivity analysis indicates as determinable. 

 Experimental data belonging to the direct measurements of the rate coefficients of the 

selected reactions are collected. Theoretical studies involving the determination of the 

rate coefficient of the selected elementary reactions are also looked up. These data may 

also be used as fitting targets, in the same way as the indirect measurements. 
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 The uncertainty of rate coefficients is determined at several temperatures in the range 

of interest from the results of direct measurements. This defines a domain in which the 

search for the optimal set of parameters should be carried out. 

 An objective function which measures the agreement between the experimental and the 

simulated results is defined. Using an appropriate global optimization method, the 

optimal parameter set is determined and the covariance matrix of the parameters is 

estimated. 

The aim of the algorithm above is the determination of the “real” physical values of the 

rate parameters, not just a set of parameters that reproduce well the actually selected indirect 

measurements. The second goal is the determination of the uncertainty of the determined 

parameters, which should be a representation of all the information that can be extracted from 

the data that are used as fitting targets. The algorithm is able to provide ”real” values and 

uncertainty of parameters given the following conditions: 

 All uncertainties in the model results should originate from the uncertainty of the 

parameters. In other words, the structure of the model itself should not be uncertain. 

The form of the kinetic differential equations have to be correct, which means that 

all important chemical species and reactions have to be present in the model. Also, 

in the initial model the values of the rate coefficients, thermodynamic and transport 

data should be assigned within their respective domains of uncertainty. 

 All available data should be used, unless there is a clear indication that the data 

considered is burdened with large systematic error. Cherry-picking the fitting 

targets can easily lead to a biased fit and an underestimation of the systematic 

errors. 

 The systematic errors of the data should average to zero over the full set of data. 

This condition cannot be verified, but using a large set of fitting targets from 

independent sources, measured using different methods, should minimize the 

average of systematic errors. 

 

3.1.2 Determination of the prior uncertainty regions of rate coefficients 

Global optimization algorithms require the definition of the domain of parameter values 

within which the search for the optimal values is carried out. Apart from numerical 
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considerations, we want to obtain physically realistic fitted parameter values, which also 

requires the prior knowledge of the domain of realistic values of the optimized parameters. 

When optimizing a mechanism by varying Arrhenius parameters, it is useful to consider that 

the Arrhenius parameters themselves have no inherent physical meaning (as least in the case 

of the extended Arrhenius expression that is used throughout this work) and are not directly 

observable. However, the rate coefficients they express do have a physical meaning and are 

directly observable. Accordingly, it is better justified to define uncertainty ranges for rate 

coefficients than for Arrhenius parameters. In this section it is described, how the uncertainty 

of a rate coefficient can be expressed in a way consistent with the Arrhenius expression. 

Collections of evaluated data in atmospheric and combustion chemistry characterize the 

uncertainty of the rate coefficient at a given temperature by uncertainty parameter f. Nagy and 

Turányi [39] provided a detailed discussion of the meaning of this parameter in the various 

databases. In combustion chemistry, the uncertainty factor f at temperature T is defined in the 

following way: 

           TkTkTkTkTf 0max

10

min0

10
loglog  , (3.1) 

where k0 is the recommended value of the rate coefficient at temperature T and values below 

kmin and above kmax are considered to be very improbable. The minimum and maximum values 

of the rate coefficients can be considered to correspond to 3σ deviations or 2σ deviations from 

the recommended values on a logarithmic scale. This way the uncertainty parameter f can be 

converted [39] to the standard deviation of the logarithm of the rate coefficient at a given 

temperature T using the equation: 
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where mf describes at what standard deviation level do we consider the limit of physical 

feasibility to be. Typically values of mf = 3 or 2 are used, which correspond to having 

log10k
min (and also log10k

max) at 3σ and 2σ standard deviations, respectively. Note, that 

assuming 3σ deviations instead of 2σ deviations means that smaller variance of ln k belong to 

the same kmin and kmax limits. Throughout this work mf = 3 is used. 

The temperature dependence of the rate coefficient k can be described by the modified 

Arrhenius equation k=A {T}n exp(E/RT). The operator { } results in the dimensionless value 
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of a physical quantity at known units. By introducing transformed parameters (T):= ln{k}, 

:=ln{A} and :={E/R}, the linearized form of the modified Arrhenius equation is:  

    1ln  TTnT   (3.3) 

Equation (3.3) can also be conveniently expressed using matrix–vector formalism. 

  np . (3.4a) 

  1ln1  TTΘ  (3.4b) 

  T
pΘT  (3.4c) 

The covariance matrix of the transformed Arrhenius parameters can be written in the 

following form. 
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Based on linear error propagation, the following relation can be deduced between the variance 

of  and the covariance matrix of , n, and . 

  T

pΘΘΣTσκ

2
 (3.6) 

The form above can be expanded into the following way: 

  TrTTrTrTTT nnnnn ln2ln22ln 11222222    
 (3.7) 

The expression above allows the calculation of the variance of ln{k} at a given temperature 

from the covariance matrix of the Arrhenius parameters assuming linear error propagation. 

The basis of the derivation is that the linearized Arrhenius expression (Equation (3.3)) is 

linear, therefore the linear error propagation is an exact approximation assuming that the 

distribution of the Arrhenius parameters is a multivariate Gaussian one. Note however, that 

given a probability distribution over the Arrhenius parameters with moments higher than 

second order, the linear error propagation becomes only an approximation. Also, the 

inaccuracy of the Arrhenius expression itself can introduce inaccuracies in the calculation of 

the standard deviation of the rate coefficient. 

Recently, Mosbach et al. [40], Khalil et al. [41] and Cheung et al. [42] investigated the 

probability distributions of Arrhenius parameters that are determined from different sets of 
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experimental data using Bayesian probability theory. This method does not restrict the 

probability density function into any functional form which allows complex probability 

density functions to be implied for rate parameters from experimental data. 

Mosbach et al. investigated important reactions of n-propylbenzene oxidation based on 

species profile measurements carried out in a shock tube, Khalil et al. investigated the rate 

parameters of the H + O2 = OH + O reaction based on OH concentration profiles, and  

Cheung et al. investigated the rate parameters of the HCN + Ar→ H + CN + Ar and  

O2 + CN → NCO + O based on the ARAS measurements of Thielen and Roth [43]. All 

studies found that in most cases the obtained probability density functions could be 

adequately described using multivariate Gaussian distributions, but in some cases the 

distributions had non-negligible higher moments. However, this approach is computationally 

extremely expensive and only a small number of reactions and parameters could be 

investigated this way. Based on these findings, the assumption of a multivariate Gaussian 

distribution for the Arrhenius parameters seems well established. 

Generally, the covariance matrix of the Arrhenius parameters of a rate coefficient are not 

known, and cannot be directly obtained from measurements. However, the covariance matrix 

of the Arrhenius parameters (i.e. variances σα, σn, σε and correlation coefficients rαn, rαε, rnv) 

can be determined by parameter fitting, if the variance of  is known at a minimum of six 

temperatures. The parameter fitting must be carried out taking into account the following 

constraints. 


 ,,0

n
 . (3.8a) 

1,,1 
 nn

rrr  (3.8b) 

 nnnn
rrrrrr 210 222   (3.8c) 

The first two constraints are required due to the definition of variances and correlation 

coefficients, respectively, while the last constraint arises from the fact that the correlation 

matrix is by definition positive semi-definite. It is recommended to use uncertainty data at 

more than six temperatures for the determination of the covariance matrix. Note that Hébrard 

et al. [44] recommended an expression similar to Equation (3.7) for the traditional (two-

parameter) Arrhenius equation to characterize the temperature dependence of the uncertainty 

of the rate coefficients. 
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The uncertainty parameter f can be obtained from data evaluations, such as those of Baulch 

et al. [17]. Unfortunately, the data evaluations provide a temperature independent value of f 

for most reactions, and never provide a detailed f–T function. 

Based on an evaluation of the available experimental data and theoretical results, it is 

possible to define kmin(T) and kmax(T) limits to the rate coefficient of an elementary reaction. If 

there are large numbers of data available for a rate coefficient, such limits can be chosen at 

several temperature values, in such a way so that they contain all determinations that are 

considered reliable, i.e. measured or calculated based on modern methods. 

This allows the estimation of function f(T) using Equation (3.1) at each temperature value. 

The standard deviation and correlation between the corresponding Arrhenius parameters can 

be fitted to reproduce the f(T) function using Equation (3.7) and the constraints given by  

Equations (3.8a–c). Based on the obtained covariance matrix of the Arrhenius parameters a 

continuous f function is obtained, which can be used to express the uncertainty range of the 

rate coefficient that is entirely consistent with its Arrhenius expression. As an example, the 

available direct measurements and theoretical results, the appropriate kmin(T) and kmax(T) 

limits and the fitted f(T) function can be seen in Figure 3.1. 

 
Figure 3.1. Experimental and theoretical determinations of the rate coefficient of the reaction 

CO + OH = CO2 + H and the determined uncertainty limits. The thick red and blue lines show 

the mean and the uncertainty limits of the rate coefficients, respectively and the thin coloured 

lines show the results of individual rate coefficient measurements reported in the literature. 

Figure reproduced from [45]. 
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3.1.3. Determination of the optimal set of parameters 

Experimental information about a set of reactions includes the results of both direct and 

indirect measurements. The previous section described the determination of the domain of 

uncertainty of the rate parameters on the basis of the results of direct measurements and 

theoretical determinations. All parameter values within this domain are possible on the basis 

of the utilized data. However, some parameter values provide simulation results that are in 

better accordance with the results of indirect measurements. On the other hand, using only the 

results of the indirect measurements means that a great part of the available experimental data 

is not used. Therefore, to find the optimal set of parameters both basic types of experimental 

data should be taken into account. This optimal parameter set belongs to the minimum of an 

objective function, which characterizes the deviation between model results and experimental 

data. The optimal parameter set depends on the selection of the objective function; therefore 

much attention has to be paid to the definition of this function. 

The following least-squares type objective function is used in our calculations: 
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(3.9) 

where p=(p1, p2,…, 
pn

p ) is the vector of parameters. Parameter vector p includes the 

Arrhenius parameters of the selected reactions and it may contain other rate parameters such 

as branching ratios, third body efficiencies, parameters describing the pressure dependence 

(e.g. Troe or SRI parameters) or thermodynamic data, etc. 

The published results of direct measurements include rate coefficients k determined at 

given conditions (e.g. temperature, pressure and bath gas). In the case of indirect 

measurements, the results are data such as ignition delay times and/or laminar flame 

velocities. In Equation (3.9), N is the number of measurement series (direct and indirect 

together), and Ni is the number of datapoints in the ith measurement series. Value 
exp

ijy  is the jth 

datapoint in the ith measurement series. The corresponding modeled value )(mod
pijy  for 

parameter set p can be obtained by calculating the rate coefficient at the given temperature 
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(and pressure, bath gas etc.), or by carrying out a simulation with combustion kinetic codes 

using an appropriate detailed mechanism. The objective function is the sum of the partial 

objective functions Ei(p), which belong to the various measurement series. 

The form of the objective function includes automatic weighting according to the number 

of datapoints and the standard deviation of the data. Normalization with the number of 

datapoints (Ni) is necessary to prevent bias towards data series with large number of points 

and considering the experimental standard deviation  exp

ijY  is necessary to prevent bias 

towards measured datapoints with large errors.  

Additional individual weighing wi of the ith measurement series can also be taken into 

account according to the consideration of the user. Users of the method might want to 

emphasize some measurements or decrease the weight of others. Also, these numbers can be 

used to set the equal weighting of some types of measurements, e.g. setting equal influence of 

flame velocity and ignition time measurements, despite the different number of experimental 

data series available. In our current calculations all data series were weighted equally (wi = 1). 

The objective function can be transformed into a simpler form by introducing a single 

index k which runs through all datapoints of all measurement series. A new unified weight  

k = wk/Nk is used for each datapoint, where Nk is the number of datapoints in the dataset of 

the k-th datapoint. This further simplifies the objective function: 
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where Ntot is total number of datapoints used in the optimization. 

This equation can be condensed by introducing matrixvector notation: 

     expmod
1T

expmod )()( YpYWΣYpYp Y  E  (3.11) 

Here Ymod(p) and Yexp denote the column vectors formed from values of )(mod
k pY  and exp

kY . 

 Tmod
N

mod
1mod )()()( pppY YY  ,  Texp

N
exp

1exp YY Y  (3.12) 

Matrices W and ΣY are the diagonal matrices of weights k and variances  exp2

kY , 

respectively. The diagonal matrix ΣY is the covariance matrix of vector Yexp. Its elements are 
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assumed to be uncorrelated due to the lack of any information on the statistical correlation 

among the datapoints exp

kY . 

 N ,...,,diag 21W  (3.13) 

 )(),...,(),(diag exp2exp

2

2exp

1

2T

expexp NYYY  YYΣY  (3.14) 

 

3.1.4. Estimating experimental standard deviations 

Determination of the experimental uncertainties is a crucial part of the method, as it 

determines both the relative weight of a dataset and the statistical errors that are propagated 

during the estimation of the uncertainty of the fitted parameters.  

The estimation of the statistical errors of each dataset was carried out by plotting the 

measured values as a function of the systematically varied experimental condition in the 

dataset, and fitting them with polynomial or spline functions. Those fits were selected that had 

the lowest number of parameters but adequately described all trends in the data, and 

increasing the number of parameters would not substantially improve the quality of the fit. 

This procedure was carried out in order to avoid overfitting the data. 

After selecting the appropriate fit, the average deviation of the datapoints from the fitted 

function was calculated and corrected with the number of the degrees of freedom of the fit. 

The following equation was used to determine the variance assigned to each dataset. 

 

pn

yy
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2
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2  

(3.15) 

In all cases the measured values were transformed, so that the deviations of the data from 

the fitted function could be considered constant with respect to the systematically changed 

property in the dataset. This way the accuracy of the whole dataset can be described by a 

single standard deviation value. Ignition delays and rate coefficients were transformed to the 

natural logarithmic scale and plotted as a function of the reciprocal temperature, while other 

types of measurements were used on a linear scale and the experimental values were not 

modified. 
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The following figures give examples of fits and justifications of the selected scales. 

  

Figure 3.2. Ignition delay measurements of Petersen et al. [46] with the selected linear fit of 

the data (left), and the residual plot of the fit. The 1σ standard deviation from the trendline is 

shown with dashed lines (right). 

 

Unlike for the ignition delay and rate coefficient measurements, there is no obvious natural 

scale for laminar burning velocity measurements. There is no common practice in the 

literature, as some authors provide errors on an absolute scale and others on a relative one. 

We have carried out different types of fits to a large number of laminar burning velocity 

measurements and found that overall an absolute scale standard deviation describes the data 

best. Figures 3.3 and 3.4 provide examples of spline and polynomial fits to data and the 

corresponding residuals. As virtually identical fits were obtained for both absolute and 

relative weighting of the datapoints, only the absolute scale fits are shown. 

 

Figure 3.3 Laminar burning velocity measurements of Bradley et al. [47] with the selected 3st 

order polynomial fit of the data (left). The residual plot of the fit (right) shows the 1σ standard 

deviation of the fit on an absolute scale with dashed lines and on a linear scale with dotted 

lines. 
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Figure 3.4 Laminar burning velocity measurements of Tse et al. [48] with the selected 4 

component cubic spline fit of the data (left). The residual plot of the fit (right) shows the 1σ 

standard deviation of the fit on an absolute scale with dashed lines and on a linear scale with 

dotted lines. 

 

It can be seen that the distribution of the residuals are more or less uniformly distributed 

and do not increase with the measured laminar burning velocity. Therefore, we assumed 

absolute scale error for all laminar burning velocity measurement datasets. 

A minimum assigned as the standard deviation of datasets was also used to avoid 

overweighting datasets. For ignition delay and direct rate coefficient measurements a 

minimum of 0.1 was used for σ(ln k) and σ(ln τign). For laminar burning velocity 

measurements 2 cm/s, and for concentration profile type measurements 1% of the maximal 

measured concertation was used. 
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3.1.5. The fitting procedure 

The optimization procedure starts from the initial values p(0) of the parameters and it is 

carried out in an iterative manner. We denote the best parameter set after the ith optimization 

cycle as p(i). The initial covariance matrix is 
)0(

pΣ , which determines the uncertainty domain 

and the initial Gaussian pdf of the parameters. Counter nc monitors the convergence of the 

solution and its initial value is zero.  

In the ith iteration step, based on the (i-1)th approximate Gaussian pdf of the parameters, s 

parameter sets are generated within the (i-1)th uncertainty domain defined by the pdf. This 

Gaussian pdf is centred on parameter set p(i-1) and it is fully determined by the (i-1)th reduced 

covariance matrix, 
)1-(~ i

pΣ . The reduced covariance matrix is calculated from the (i-1)th 

covariance matrix 
)1-(i

pΣ  by dividing it with pc nn
s

/2
, where np is the number of fitted 

parameters. Increasing nc by one implies the contraction of the characteristic volume (i.e. the 

product of the standard deviations) of the sampling Gaussian distribution by a factor of s.  

The objective function value E(pj) is calculated for each pj parameter set and the one with 

the smallest E(pj) value is selected. If the objective function value belonging to the selected 

parameter set is larger than E(p(i-1)), then the counter nc is increased by one (the searching 

volume is decreased) and p(i) is set equal to p(i-1) (the previously found best parameter set is 

kept). Otherwise, p(i) is set to the selected set (a better parameter set was found) and the 

counter nc is reduced by one (the searching volume is increased). Then, the covariance matrix 

)(i

pΣ  of parameter set p(i) is estimated, as described in the next section. 

If the characteristic sampling range in each dimension has been reduced by a factor 105, 

then the fitting procedure is terminated. This is equivalent to when value pc nn
s

/
 becomes 

larger than 105, that is nc becomes larger than 5nplogs10. Otherwise, the procedure is repeated 

from the random sampling and simulations. 

Simultaneous optimization of a large number of parameters is a computationally 

challenging task, and the algorithm above would converge slowly. To reduce the 

computational costs, a hierarchical optimization strategy can also be employed. 

First, for each experimental datapoint the important reactions are identified, based on the 

normalized sensitivity coefficients and a cutoff value. Then, datapoints with identical sets of 
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important reactions are grouped together. Naturally, direct measurements belong to a group 

with only a single important reaction. These groups can be ordered and the mechanism can be 

optimized incrementally against an increasing set of targets.  

The largest group where only a single reaction was found to be important is selected as the 

first group. Then, a new reaction is selected and all groups where only the new reaction and 

the previously selected ones are identified. This is continued until all reactions are selected 

and all groups of data are used. The order of selected reactions is chosen in such a way that 

the amount of added experimental datapoints was always maximal for each additional 

reaction. 

Based on the order of reactions a series of optimizations are carried out. First only the 

parameters of the first reaction are optimized against the first group of targets. This allows for 

a relatively fast convergence of the optimization algorithm described above, as the number of 

parameters is small. After convergence, the parameters of the second reaction are added to the 

optimized set of parameters and the relevant groups of data are also added to the set of targets. 

Then, the optimization algorithm is carried out again using the extended set of parameters and 

data. Generally, at this point the values of the previously optimized parameters do no change 

very much which allows for a relatively fast convergence even with a large number of 

parameters. These optimizations are then continued in a similar manner until all parameters 

and data are utilized. 

The minimum search algorithm and the optimization strategy are summarized in the 

flowchart in Figure 3.5.  
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Figure 3.5 Flowchart describing the optimization algorithm. 
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3.2 Estimation of the uncertainties of the fitted rate parameters 

Calculation of the covariance matrix of the parameters is needed for two reasons. In each 

step, the fitting procedure is looking for the optimum value of the parameters in a domain that 

is determined by the current estimated covariance matrix of the parameters. More importantly, 

the covariance matrix calculated at the optimal parameter set characterizes the uncertainty of 

the determined parameters. 

Differentiation of the objective function (Equation 3.10) with respect to the parameters 

yields the following expression. 

   expmod

1T2 YYWΣJp Y  E  (3.16) 

where J is the Jacobian, that is the derivative matrix of Ymod with respect to p. 

)(mod pYJ   (3.17) 

Optimal values of the model parameters are those which provide the global minimum of 

the objective function within their physically reasonable uncertainty domain. The local 

minima of the objective function can be found at the parameter set p where the derivative 

E'(p) is zero, i.e. Equation (3.16) equals to zero. 

  0YYWΣJ Y 

expmod

1T2  (3.18) 

The equation can be rearranged by resolving the multiplication. 

exp
1T

mod
1T )(2)()(2 YWΣpJpYWΣpJ YY

   (3.19) 

Equation (3.19) can be simplified by introducing the notation 1T )()(  YWΣpJpA . 

expmod )()()( YpApYpA   (3.20) 

Solving the nonlinear equation (3.20) for p provides a local minimum of the objective 

function, which is denoted with po. The parameter set po is always uncertain as there are 

systematic discrepancies between the experimental and the modelled results, and also the 

experimental data has random scatter ( expexpexp YYY  ) around their expected value 
expY . 

Assuming a lack of systematic error, the expectation value ( p ) and the optimal value (po) of 

the parameters will coincide, i.e. 0pp  . Due to the uncertainty of the model parameters, the 
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model results will also have a random scatter ( modmodmod )( YpYY  ) around their expectation 

value 
modY . Assuming linear error propagation and Gaussian distribution of the experimental 

errors, the expectation value of Ymod(p) is equal to the simulation results corresponding to the 

optimal parameter value, that is )(modmod pYY  . The systematic discrepancy Y  between the 

model and the experimental results ( expmod YYY  ) is equal to the difference of the systematic 

errors of the model (
exactmod YY  , where Yexact is the exact value) and those of the 

measurements ( exactexp YY  ). A simple relationship between the expectation value Ymod and the 

systematic deviation Y  is the following. 

YYY  expmod  (3.21) 

The coefficient matrix A has value Ao in the local minimum po and equation (3.20) can be 

used to estimate the scatter of the parameters around po based on the scatter of experimental 

results: 

expomodo )( YApYA   (3.22) 

Multiplying equation (3.21) with Ao gives 

 YYAYA  exp0mod0  (3.23) 

Combining equations (3.22) and (3.23) gives: 

   )()( expexpomodmodo YYYAYpYA   (3.24) 

 YYAYA  expomodo  (3.25) 

The error of Ymod(p) can be related to the error of parameters with the help of Jacobian  

Jo= J(po) calculated at po:  

pJY  omod  (3.26) 

where p = p–p0 is the deviation of parameter set p from the optimal set. 

Substituting equation (3.26) into equation (3.25) and solving it for p gives 

   YYAJAp 


expo

1

oo  (3.27) 
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Introducing the notation   o

1

ooo AJAB


 , the covariance matrix of the parameters (Σp) can 

be given in a compact form: 

    T
oΔo

T
o

TT
expexpo

T BΣΣBBYYYYBppΣ Yp   (3.28) 

Here, it is assumed that ΔYexp and Y are uncorrelated. 

The matrix ΣY is the covariance matrix of vector Yexp. The matrix ΣΔ is related to the 

systematic deviations between the expectation results of the model and the experimental 

results. The expectation value 
expY  and the covariance matrix ΣY of the measured datapoints 

can be estimated by repeating the same measurement several times. However, doing 

measurements exactly at the same conditions is not possible in most cases, thus 
expY  can be 

estimated by averaging the measured values belonging to similar conditions. If the 

measurement points are not dense enough, then the best guess for 
expY  is the single measured 

value Yexp, which also has a random scatter. 

Having expressed all elements required to estimate the covariance matrix of the fitted 

parameters, the full expression can be obtained by expanding the matrix Bo in equation (3.28). 

      T 
1T

o

1

o

1T

oΔ

1T

o

1

o

1T

o

  YYYYYp WΣJJWΣJΣΣWΣJJWΣJΣ . (3.29) 

As Equation (3.29) expresses a covariance matrix, its elements can be expressed as the 

product of the standard deviations of the individual parameters and the correlation coefficients 

between them. 

jiji ,, ppppji
r pΣ  (3.30) 

The diagonal elements are the variances of the parameters, from which the standard 

deviations can be calculated. Correlation coefficients between parameters can be calculated 

based on the off-diagonal elements and the standard deviations. 

ji

ji

ji,
,

)(

pp

ppr


pΣ
 . (3.31) 

Sheen and Wang [31] suggested a model optimization procedure based on the Method of 

Uncertainty Minimization by Polynomial Chaos Expansions (MUM-PCE). Their definition 

for the objective function and the method of calculation of the covariance matrix of the fitted 



51 

 

parameters [31] uses similar, but less general equations than those we derived here. The main 

conceptual difference is that Sheen and Wang do not directly take into account the systematic 

deviation between the simulated and experimental values. Instead, they filter out those 

measurements that appear to have a large systematic error, based on the deviation from their 

optimized model.  

In the fitting procedure, the parameters to be optimized are the Arrhenius parameters and 

possibly other parameters used at the simulation of gas kinetic systems such as third body 

collider efficiencies or parameters of pressure dependence. However, as most of these 

parameters are not directly observable or even have any physical meaning, it is more 

informative to characterize the uncertainty of the rate coefficients that can be expressed from 

the fitted parameters. 

The covariance between the logarithm of two rate coefficients, cov(i, j) at temperature T 

can be calculated in the following way. 

     ΘΣΘΘppppΘ pp ji ,

TT

jjii

T

jjiiji ))(())()())(()((,cov  TTTTTT   (3.32) 

Here 
ji ppΣ , denotes a block of matrix p that contains the covariances of the Arrhenius 

parameters of reactions i and j. The equation above provides the variance )(2

i
T  if i = j. This 

variance can be transformed to the uncertainty parameter f using equation (3.2). Thus, the f(T) 

function obtained has a statistical background and can be deduced from experimental data in a 

transparent way. 

The correlation of the logarithm of two rate coefficients (  Tr
ji ,

) can be calculated by 

dividing their covariance with the product of their standard deviations at temperature T: 

 
    

)()(

,cov

ji

ji

ji

,
TT

TT
Tr







 . (3.33) 

 

3.2.1. Considerations about the systematic errors of experiments 

The matrix ΣΔ, which represents the covariance matrix of the systematic errors, can be 

estimated based on the deviation between the model results and experimental values. Two 
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different approximations have been used for ΣΔ in this work. One possibility to estimate ΣΔ is 

by the following equation. 

T

Δ YYΣ   (3.34) 

where, 
expmod YYY  , and mod

Y  and Yexp are the vectors of the optimal simulated and 

experimental results, respectively. In this way the estimation of systematic errors is based on 

the assumption that the systematic errors average to zero over the complete set of 

experimental data and the “real” values of the parameters can be obtained from the full dataset 

The matrix ΣΔ also gives an upper estimate for the systematic deviations as it also includes the 

stochastic scatter of the experimental data.  

However, using the expression ΣΔ =ΔYΔYT also implies that all systematic errors are 

either fully correlated or anti-correlated. This can be simply demonstrated by examining an 

element of the ΣΔ matrix. 

  jiij
YY ΔΣ  (3.35) 

where ΔYi and ΔYj are the differences between the modelled and experimental results for the 

i-th and j-th datapoints, respectively. If we consider that ΣΔ is the covariance matrix 

representing the systematic deviations, then its elements can be written in the following form. 

 
jiijsystjsystisystij

YYr 
,,,Δ

Σ  (3.36) 

If σsyst,i is approximated by ΔYi, then according to this approximation 1, ijsystr  and the 

actual value of the correlation coefficient is rsyst,i,=1 if the signs of ΔYi and ΔYj are identical, 

and  

rsyst,i,= –1, if they are different. Therefore, using Eqation (3.34) is equivalent to the 

assumption that all systematic errors are fully correlated or anti-correlated. While it is true 

that the systematic errors for experimental results within one dataset or several datasets 

measured on the same apparatus are expected to be correlated with each other, the same 

cannot be said for experiments carried out by different groups in different facilities. 

Furthermore, since the equation 
expmod YYY   describes the full difference between the 

modelled and experimental results, it also includes the differences arising from the statistical 

errors, which cannot be assumed to be correlated. Therefore, another approximation can be 
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considered where the systematic errors are considered to be uncorrelated, using the following 

equations to express ΣΔ. 

  2

Δ iii
YΣ  

  0Δ 
ij

Σ  

(3.37a) 

(3.37b) 

In the initial studies using the optimization method described in this Section, including the 

optimization study of a hydrogen combustion mechanism [A3], Equation (3.36) was used to 

estimate the systematic errors, while equations (3.37a) and (3.37b) were used in the syngas 

mechanism optimization study [A5]. In case of the syngas optimization study the choice was 

justified by the fact that many different types of experiments were utilized from several 

different groups, but the same could be argued in the case of the hydrogen optimization study. 

The reason for the discrepancy is simply that the implications of Equation (3.35) were not 

fully considered at the time of the optimization study of the hydrogen combustion mechanism. 
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3.3 Calculation of response surfaces 

As discussed in Section 2, the computational demand of the optimization of combustion 

mechanisms can be very high. The high cost arises from two sources. The first one is the high 

dimensionality of the parameter space within which the optimum is sought, and the second 

one is the high cost of the individual simulations that are required to evaluate the error 

function in an arbitrary point of the parameter space. 

This second cost can be decreased by using response surfaces instead of solving the 

differential equations that are used to simulate experiments, and this approach was employed 

also in the present work. However, the methods described in Section 2.5 would not be 

appropriate in the optimization algorithm described in this Section. The main reason is, that 

typically all three Arrhenius parameters of rate coefficients are optimized in our works instead 

of the A factors only, and the factorial design and SAB methods do not incorporate any 

correlation information between the investigated parameters. 

Due to the reasons above a more generic polynomial form is used for response surfaces, 

and the fitting algorithm of Turányi [49] is used to obtain the polynomials. To create a 

response surface, the active parameters are selected first at the conditions of the experiment. 

These active parameters are selected based on local sensitivity coefficients and typically all 

three Arrhenius parameters are selected for each important reaction. The active parameters are 

sampled uniformly according to the UBAC algorithm of Nagy et al. [45], which guarantees 

that the generated parameter set provides uniformly distributed rate coefficient values at all 

temperatures and that the rate coefficient is within its uncertainty bounds at all temperatures. 

Simulations of the selected experiment are performed using each parameter set. Let y 

denote the vector of simulation results and X the matrix of parameter values: 

nRy  

mnRX  

(3.38a) 

(3.38b) 

where n is number of parameter sets used in the fitting, and m is the number of parameters.  

Let Φ be a set of orthonormal Rm→R functions with the following scalar product. 

Φji  ,  (3.39) 
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Due to orthonormality, the scalar product between the different elements of Φ is zero and 

it is unit value for identical elements. 
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These functions can be used to approximate any F:Rm→R function as an orthonormal 

expansion. 
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where l is the number of functions used in the expansion. 

The goodness of approximation can be characterized by the root mean square error r. 
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It can be shown that if l≤n, i.e. the number of functions used for the approximation is lower 

or equal to the number of fitted values, for arbitrary ai coefficients the follow relation exists 

for the root mean square error. 





l

i

iiaFr
1

  (3.43) 

Therefore, the best fit is obtained if ai are chosen as the scalar product of F and the 

elements of Φ. 

     k

n

k

ikii FFa XX



1

  (3.44) 

An orthonormal set of functions can be generated from any set of linearly independent 

functions using the Gram-Schmidt orthogonalization method. Given a set of gi: Rm→R 

linearly independent functions, the elements of the Φ orthonormal set of functions can 

constructed as linear combinations of gi functions in the following way. 

11,11 gc  (3.45a) 
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22,211,22 gcgc   (3.45b) 
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According to the Gram-Schmidt orthogonalization method the following recursive 

functions provide the orthonormal functions. 
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  (3.46a) 
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  (3.46c) 

Therefore, the coefficients to be used in the linear combinations expressed in Equations 

(3.45a)–(45c) are the following.  

1

1,1

1


c  (3.47a) 
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iic


1
,   (3.47e) 

While the selection of g set of functions is arbitrary, it is practical to select them as the set 

of monomials of a general polynomial. This means that if three parameters are used, the gi 

functions are 1, x1, x2, x3, x1x2, x1x3, x2x3, x1
2x2, etc. 

A set of orthogonal functions can be constructed based on Equations (3.45a)-(3.45c). The 

parameters for the best fit to the given set of data can be determined based on Equation (3.44). 

One approach would be to increase the set of φi functions used for the approximation until a 

sufficient accuracy is obtained. However, this would potentially lead to the inclusion of 

several functions that do not contribute significantly to the improvement of the 

approximation. Turányi suggested [49], that as a new φi function is added to the 
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approximation, the difference in the previous and new root-mean-square errors should be 

checked and the new φi should only be included in the approximation if a certain threshold of 

improvement is achieved and otherwise it should be discarded. This way, the number of 

monomials actually used for the approximation can be decreased, which decreases the 

computational cost of both the fitting algorithm and the evaluation of the resulting 

polynomial. 

Finally, to further decrease computational cost, the φi orthogonal polynomials can be 

converted to general polynomials, as the latter require less multiplications to evaluate. To 

obtain the coefficients of a regular polynomial we can use the relationship between the φi and 

gi functions, as the gi functions are regular monomials. 
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where the bi coefficients are the following. 





l

is

issi cab ,  (3.49) 

Therefore, Equation (3.48) provides an approximation for any function as a general 

polynomial fit. 
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3.4 Optima and Optima++: a general framework for combustion 

simulations, model optimization and analysis 

The setup and control of the simulations, sensitivity analysis, response surface generation 

and parameter optimization tasks have been performed using codes developed within the 

ELTE Chemical Kinetics Laboratory. Originally a MATLAB code called Optima was created 

for these tasks and the majority of the results presented in this Thesis has been obtained using 

this code.  

However, it was found that the complexity of these tasks requires an object orientated 

environment for efficient development of the code and straightforward implementation of new 

methods. A new code was written in C++ and it is called Optima++. This code has all the 

capabilities of the MATLAB code, including running of simulations, local sensitivity 

analysis, response surface generation for indirect measurements, parameter optimization 

against a set of indirect or direct data and, estimation of the uncertainties of the fitted 

parameters and the related rate coefficients. It is also capable of creating ReSpecTh format 

datafiles from text files that can be conveniently filled out with experimental data. 

Optima++ is an open-source code and it is available from the ReSpecTh website [50]. 

Since the Chemkin-II package, which was primarily used for calculations in the present work, 

is proprietary software which cannot be freely distributed, the FlameMaster package [51] is 

used for all simulation tasks in Optima++. While FlameMaster is not open-source and cannot 

be redistributed, it is freely available from the website of the authors, therefore it is possible to 

meaningfully utilize it in an open-source code. 
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3.5. The ReSpecTh Kinetics Data Format 

The ReSpecTh Kinetics Data (RKD) Format Specification has been developed at the 

Chemical Kinetics Laboratory of ELTE [A4][50]. This data format consists of a set of 

specifications, aiming to provide an unambiguous definition of the storage of combustion 

experimental data and rate coefficient determinations. The RKD format specification defines 

an XML data format to provide flexible data representation and allow for an easy extension of 

the format specification. 

The specification is directly based on the PrIMe experimental data format [52] and most of 

it is directly derived from the XML elements and attributes defined within PrIMe. As a 

consequence of the modifications and extensions of the PrIMe format in ReSpecTh, the 

PrIMe experimental data format files are not valid RKD files and vice versa. The PrIMe data 

format includes format definitions for bibliographic data, physical properties of species, rate 

parameters of reactions etc. These auxiliary data elements do not have a counterpart in 

ReSpecTh, as the aim is only to describe indirect and direct experimental data related to 

combustion. 

The most important aspect of the RKD Format Specification is that is describes how all 

common experimental types should be described using well defined data elements, and what 

data is required to completely define an experiment. This kind of specification was not 

available for the PrIMe experimental format, which seriously limited its use. A number of 

further modifications compared to the PrIMe format were needed for the following reasons: 

(1) The original format contained references to the PrIMe database, e.g. the origin of the 

data was defined by a bibliographic reference and the species were linked with data 

entry for their physical constants. This means that the PrIMe experimental data files are 

not stand-alone and require the services of the PrIMe website. In contrast, the RKD files 

do not have external references and can be used without an internet service. 

(2) The PrIMe experimental data format allows the definition of ignition experiments but 

does not contain information how the ignition was defined in the experiments. In the 

RKD files the ignition experiments have to be accompanied with the definition of the 

ignition delay. The specification provides a generic way of defining the ignition delays 

which covers all the commonly used definitions, such as the maximum of the time 

derivative of pressure, maximum of OH concentration, maximum of OH* fluorescence 
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signal, just to name a few. It is well known, see e.g., [8] , that different definitions of the 

ignition delay may lead to very different simulated ignition delay times. 

(3) The assumption of adiabatic ignition is not valid in shock tube experiments below about 

1000 K [3] and in the RCM experiments the full compression stroke should be taken 

into account to accurately model the experiment. Such experiments can be reproduced 

by simulations only if the measured pressuretemperature profiles are available. 

Recently, the experimentalists also publish these profiles. RKD Format Specification 

defines a way for encoding the volumetime profiles in the data file, which can be 

obtained from the measured pressuretemperature profiles. It also allows the definition 

of a steady pressure rise which may occur in shock tubes. The PrIMe experimental data 

format does not describe a way for storing his type of information. 

(4) The PrIMe experimental data format did not have any means to describe direct rate 

coefficients measurement or theoretical rate determination results. The RKD Format 

Specification also describes how such data can be stored. 

 

Due to the extensions and modifications above, RKD files are able to unambiguously 

define combustion experiments; and therefore, the corresponding data are uniquely 

interpretable by computer codes, without human addition of further data. The aim of 

providing accurate data format specification and utility codes for the creation and 

interpretation of RKD files is twofold: 

(1) Currently, experimentalists typically store their own experimental data in Excel tables 

or use the file format of their Laboratory Information Management System. It is also 

common that after about 5 years the old files are not interpretable any more due to the 

change of the storage system, software, or the Excel files are not commented 

sufficiently to allow the understanding or reproduction of their content. The RKD 

format provides means for storage of data in an unambiguous way, that can be shared 

based on the needs of the file authors. 

(2) During the development of detailed combustion mechanisms the largest technical 

problem is that each new version of the suggested mechanism has to be tested against 

all available experimental data, which requires a large amount of human effort. If these 

data are encoded in RKD format files, then the data can be processed by computer 

programs. This makes the testing, validation and development of reaction mechanisms 
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considerably faster. In particular the Optima++ code can be used for such purposes, but 

as the format is well defined further code can be developed for handling the data in this 

format. 
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4. Results 

4.1 Optimization of a hydrogen combustion mechanism 

The model of hydrogen combustion is one of the most simple combustion models, and is 

an extremely important sub-model of the high temperature combustion of hydrocarbon and 

oxygenate fuels. Despite the large number of experimental and theoretical studies related to 

hydrogen combustion and its elementary reaction steps, there is still a lack of a commonly 

accepted combustion model. In the past decade several hydrogen combustion models have 

been published [8, 19, 53-57]. In all of these mechanisms most the rate parameters were based 

on directly measured or theoretically determined rate coefficients, with some of the values 

changed to produce a better agreement between the model predictions and selected indirect 

measurements (typically ignition delay and laminar flame velocity measurements). A smaller 

number of mechanisms have been created using optimization methodologies  

[24, 30], but these mechanisms were optimized based on a relatively small set of optimization 

targets and only A Arrhenius parameters and third body collider efficiencies were fitted.  

This section presents an extensive optimization based on a large set of experimental data 

and an analysis of the temperature dependent uncertainties of the fitted rate coefficients. The 

simulation results of the collected indirect experiments were compared with those of 13 

previously published mechanism and it was found that the optimized mechanism performed 

the best at reproducing the available experimental observations. The optimization also yielded 

the covariance matrix of the fitted Arrhenius parameters which was used to calculate the 

temperature dependent uncertainty of the associated rate coefficients. 

 

4.1.1. Collection of experimental data and models 

A large set of indirect experimental data was collected for hydrogen combustion, 

consisting of ignition delays in shock tubes (786 datapoints in 54 datasets from 16 

publications) and rapid compression machines (RMCs) (229 datapoints in 20 datasets from 

three publications), flame velocity measurements (631 datapoints in 73 datasets from 22 

publications), concentration–time profiles in jet-stirred reactors (JSRs) (149 datapoints in 9 

datasets from one publication) and concentration–time profiles in flow reactors (372 

datapoints in 16 datasets from two publications). A number of studies have been published on 
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speciation experiments in burner-stabilized hydrogen flames [58, 59], however Burke et al. 

[55] found that simulated speciated flame measurement data are not sensitive to the kinetic 

parameters. Our calculations have also confirmed this observation, therefore such data were 

not used here for the optimization but were used at the testing of the mechanisms.  

The data include all measurements that had been used in the mechanism development 

works of Ó Conaire et al. [56], Konnov [19], Hong et al. [57], Burke et al. [55], and 

Kéromnès et al. [8], but our collection is much wider and includes a large amount of 

additional experimental data. Appendix A contains a detailed list of the collected 

experimental data, in Tables A1–A5. The collected experimental data were encoded and 

ReSpecTh format experimental datafiles and have been made publicly available through the 

ReSpecTh database [A4]. 

The considerations related to the simulation and interpretation of the different types of 

experimental data have been discussed in Section 2.1 and have been applied throughout this 

Section, along with further considerations described below. Ignition delay measurements in 

shock tubes carried out at post-shock temperatures below 1000 K, with relatively long 

measured ignition delays (>1 ms) were poorly reproduced by all mechanisms. This indicated a 

significant departure from the ideal constant volume and adiabatic approximation that could 

be employed for experiments with shorter measured ignition delays. Pressuretime profiles 

were reported only by Pang et al. [3]. They also reported a pre-ignition heat release that was 

not described quantitatively in their paper, and therefore their low temperature experiments 

also could not be simulated. These low-temperature shock tube data (131 datapoints) were 

excluded from both the optimization and mechanism testing. All RCM measurements were 

accompanied with measured pressure profiles; therefore the low-temperature RCM data could 

be used. 

Flow reactor experiments were interpreted by their authors by shifting the simulated 

species profiles to match the simulated half fuel depletion time with the experiments. We used 

the same type of time shifting in all our simulations, as described in Section 2.1.4. However, 

this approach introduces a free parameter during optimization and allows for an 

underestimation of systematic differences between the model and the experimental results. 

For this reason, these experiments were not included in our optimization, but still used for 

mechanism comparisons. Also, only experimental results between fuel depletion of 90% and 
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10% were taken into account. This was done to avoid using experimental data that did not 

carry any kinetic information. 

The rate parameters showed relatively low sensitivity at the conditions of the JSR 

datapoints and therefore these points were not considered in the optimization, but were used 

for mechanism testing. 

Olm et al. [B2] have carried out a comprehensive modelling study based on the set of 

experimental data described above. They have also collected a large number of recent 

combustion mechanisms that were either developed for modelling of hydrogen combustion or 

validated against such experiments. They have found the mechanism of Kéromnès et al. [8] to 

be one of the best available mechanism in terms of reproduction of experimental data. The 

Kéromnès mechanism was developed for modelling of hydrogen and syngas combustion at a 

wide range of conditions, and it contains 15 species and 49 reactions. It was assembled based 

on recent direct experimental and theoretical rate coefficient determinations carried out using 

modern techniques, therefore the rate coefficients assigned to its reactions are a good 

representation of the latest developments in hydrogen combustion modelling. Furthermore, it 

contains a sub-mechanism describing the formation and de-excitation of electronically excited 

OH radicals originally suggested by Kathrotia [60]. This sub-mechanism plays a very 

important role in the simulation of shock-tube experiments where the emission of excited OH 

radicals was used to identify the ignition event. Due to these good features, the Kéromnès 

mechanism was selected as the starting point of the optimization. 

 

4.1.2. Selection of rate parameters to be optimized 

Local sensitivity analysis at the conditions of the indirect experimental data was carried out 

based on the Kéromnès mechanism. For each simulated experimental datapoint, the 

sensitivities of the simulation result with respect to the A-factors of each reaction step and (if 

applicable) to the third body efficiencies were calculated. We selected the rate parameters of 

those reactions for optimization that produced high sensitivity coefficient values at several 

experimental conditions.  

Altogether, 30 Arrhenius parameters of 11 reactions and the third body collision 

efficiencies of Ar, H2 and H2O of reaction R9 H+O2+M=HO2+M were selected. The list of the 

rate parameters chosen for optimization is given in Table 4.1. For reactions R8, R9 and R16, 
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the Arrhenius parameters refer to the low-pressure limit. The third body collision efficiencies 

of reactions R8 and R16 did not show a high importance, nor did the other collision efficiency 

parameters of reaction R9. For most selected reactions all three Arrhenius parameters (A, n, E) 

were optimized. In the case of reactions R9, R11 and R15, two Arrhenius parameters were 

sufficient to describe the temperature dependence of the rate coefficient, therefore only two 

parameters were optimized for these reactions. 

The rate coefficient of HO2 + HO2 = H2O2 + O2 is known to have a non-Arrhenius 

behaviour and cannot be well described using even the extended Arrhenius equation. The rate 

coefficient is generally given as the sum of two classical (two-parameter) Arrhenius 

equations, and the same approach is used in the mechanism of Kéromnès and also in the 

present work. The two Arrhenius expressions are dominant at different temperatures and in 

the initial mechanism they are equal near 800 K. The sensitivity analysis indicated that the 

parameters of both branches have non-negligible sensitivity coefficients, but the branch 

describing the high temperature behaviour always has higher sensitivity coefficients. 

Therefore, only the higher temperature branch was selected for optimization. An uncertainty 

estimation from the available data was also carried out to estimate how accurately the rate 

coefficient of the lower branch could be determined. It was confirmed that the present set of 

optimization targets does not constrain the rate parameters of the low temperature branch. 

 

Table 4.1. Table of parameters selected for optimization. The reaction IDs refer to the order 

of the reactions as they occur in the base mechanism. 

Reaction ID Reaction Parameters optimized 

R1 H + O2 = O + OH lnA   n   E 

R2 O + H2 = H + OH lnA   n   E 

R3 OH + H2 = H + H2O lnA   n   E 

R8 H + OH + M = H2O + M lnA   n   E 

R9 1,2 H + O2 + M = HO2 +M lnA   n        m(Ar) m(He) 

R10 HO2 + H = H2 + O2 lnA   n   E 

R11 HO2 + H = OH + OH lnA        E 

R13 HO2 + OH = H2O + O2 lnA   n   E 

R15 HO2 + HO2 = H2O2 + O2 lnA        E 

R16 OH + OH + M = H2O2 + M lnA   n   E 

R18 H2O2 + H = H2 + HO2 lnA   n   E 
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4.1.3. Determination of the prior uncertainty domain of the parameters 

Global parameter optimization methods require a definition of the domain of uncertainty of 

the parameters, because the optimal parameter set is sought within this domain. Also, the aim 

of the present optimization was to find physically realistic rate parameters and therefore the 

prior uncertainty domain of rate parameters had to be determined from direct measurements 

and from theoretical calculations found in the literature.  

The method for determining the prior uncertainty domain of the Arrhenius parameters has 

been described briefly in Section 3.1.2 and in detail by Nagy et al. [39]. The prior covariance 

matrices of each the reaction selected here have been determined by Nagy et al. and are used 

in this work as the representations of the prior uncertainty limits for rate coefficients. 

A brief summary of this approach is that for each elementary reaction investigated, all 

direct measurements and theoretical determinations of the rate coefficient were collected from 

the NIST Chemical Kinetics Database [61] and from review articles [8, 19, 55-57]. On an 

Arrhenius plot, the temperature dependence of ln k outlines an uncertainty band of the rate 

coefficient. The distance of the kmin and kmax limits from the centerline defines the f(T) 

temperature-dependent uncertainty parameter. The f(T) points were converted to the prior 

covariance matrix of the Arrhenius parameters [39]. Also, the limits of the uncertainty band 

calculated from the covariance matrix were used as the limiting values of the acceptable rate 

coefficients during the optimization. For reactions R15 and R18, very little literature 

information was available and constant f = 0.4 and f = 0.6 were estimated, respectively. Little 

information was available on the uncertainty of the third body efficiency parameters of 

reaction R9. In the optimization, we used non-restrictive uncertainty ranges m(H2)= 

1.301.25, m(Ar)= 0.50.4 and m(H2O) = 106. 

 

4.1.4. Collection of relevant direct measurement data 

The next step was the collection of reliable direct measurement data for the selected 

reaction steps. Not all direct measurements used at the determination of the uncertainty limits 

were utilized, but only 1749 datapoints in 56 datasets from 42 publications that were 

considered to be reliable by the review articles. The number of direct measurements used for 

each reaction step is given in Table 4.2 and the detailed list can be seen in Table A6 of 

Appendix A. All direct measurement results (i.e. rate coefficient values) together with the 
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conditions of determinations were also encoded in ReSpecTh format files and published in the 

ReSpecTh database [A4], similarly to the indirect experimental data. 

 

4.1.5. Calculation of response surfaces 

A polynomial response surface was calculated for each indirect measurement. The active 

parameters (Arrhenius-parameters and third body collision efficiencies), previously identified 

by sensitivity analysis, were uniformly sampled within the uncertainty range defined by the 

corresponding prior f(T) functions. 10,000 samples of the active parameters were generated 

for each datapoint, all other parameters were fixed at their original values, and each indirect 

experiment was simulated using each parameter set. The simulation results were fitted by 

orthonormal polynomials using the method described in Section 3.3. To generate a fast 

surrogate model, monomials were restricted to be at most 4th order and to have up to two 

variables of which one is first order.  

The polynomials obtained were tested against simulation results generated from 500 new, 

random sets of parameters. The maximum allowed difference between the test set of 

simulation results and the polynomial was the 1σ experimental uncertainty of the 

measurement. Using this criterion, a satisfactory response surface was obtained for most of 

the datapoints. For ignition delay times and flame velocities, average error of the response 

surface was about 0.5% and 0.05 cm/s, respectively. Accurate response surfaces could be 

created for about 80% of the indirect experimental data, including 538 ignition delay 

measurements in shock tubes from 54 datasets, 153 ignition delay measurements in RCMs 

from 20 datasets and 475 flame velocity measurements from 72 datasets. Only these response 

surfaces were used at the parameter optimization but the datapoints excluded here were also 

used for testing of the mechanisms. 

 

4.1.6. Parameter optimization 

The optimization involved the fitting of 33 parameters to approximately 3000 datapoints 

which is a computationally challenging task, therefore the systematic hierarchical 

optimization strategy described in Section 3.1.3 was used. In the first optimization step those 

experimental data were selected as optimization targets that were sensitive only to the 

parameters of the lowest number of reactions (R1 and R9). Then more and more experimental 
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data and the corresponding influential reactions were included following the same concept 

and all parameters considered up to that point were optimized. This resulted in the inclusion 

of further reactions in the following order: R2, R3, R10, R8, R11, R13, R18, R16 and R15.  

The optimization of the mechanism was carried out according to the optimization strategy 

above and response surfaces were used instead of full simulations. Starting from the 

parameter set obtained this way, a second optimization stage was carried out where the 

ignition delay times were calculated with SENKIN directly and not via the response surfaces, 

while the computationally more expensive laminar flame calculations were still performed 

with the surrogate models. This allowed for the elimination of the error caused by the 

potential inaccuracies of the response surfaces of the ignition experiments. Also, in this way 

ignition experiments for which accurate response surfaces could not be generated were also 

taken into account in the optimization. The difference between the optimized parameter sets 

obtained in the first and second stages of optimization was not significant. Afterwards all 

experimental datasets that could not be reproduced within 4σ of the experimental uncertainty 

by the model obtained in the previous step were excluded from the set of optimization targets 

and a final optimization step was carried out, using response surfaces for flames only. Ten 

shock tube, one RCM and ten flame datasets were excluded this way, and are marked in 

Tables A1–A3 in Appendix A. 

In the final optimization cycle, 566 datapoints of shock tube and 219 datapoints of RCM 

ignition measurements were used, together with 364 flame velocity measurements and 1749 

direct measurements. Table 4.2 presents the optimized values of the rate parameters. The 

complete optimized mechanism is given in the Supplemental Material of [A3] in CHEMKIN 

format together with the transport data file. Table 4.3 shows that the value of the objective 

function decreased significantly as a result of the optimization, and also the description of the 

experimental data improved in each data category separately. 

  



69 

 

Table 4.2. Reactions selected for optimization, the number of direct measurements used for 

optimization and the optimized values of the parameters.  

Optimized subset of reactions 

Number of direct 

measurements 

Optimized parameters 

(units: mol, cm3,s, K) 

Datapoints Datasets ln A n E/R 

R1 H + O2 = O + OH 745 9 30.25 0.2434 7265 

R2 O + H2 = H + OH 338 11 10.21 2.750 3208 

R3 OH + H2 = H + H2O 181 7 16.90 1.803 1612 

R8 H + OH + M = H2O + M 6 3 55.54 -2.600 -56.84 

R9 1,2 H + O2 + M = HO2 +M 194 10 44.38 -1.239  
R10 HO2 + H = H2 + O2 28 1 23.16 1.083 278.7 

R11 HO2 + H = OH + OH - - 31.79  119.3 

R13 HO2 + OH = H2O + O2 67 4 19.49 1.441 -1080 

R15 HO2 + HO2 = H2O2 + O2 73 4 32.45  5253 

R16 OH + OH + M = H2O2 + M 113 6 35.21 -0.2033 -2175 

R18 H2O2 + H = H2 + HO2 4 1 40.32 -1.249 3738 
1 Consisting of 40 datapoints in 4 datasets measured in N2 bath gas and 154 datapoints in 6 

datasets measured in Ar bath gas. 
2 Optimized values of 3rd body collision efficiency parameters (±1) of reaction  

H + O2 + M = HO2 +M: m(H2)= 1.481.0, m(Ar)= 0.5400.011, m(H2O)= 12.030.53 

 

4.1.7. Investigation of the optimized mechanism 

The performance of the optimized mechanism was compared to 13 hydrogen combustion 

mechanisms that were mainly published in the last decade. The mechanisms used for 

comparisons included the hydrogen combustion mechanisms of Ó Conaire et al. [56], Konnov 

[19], Hong et al. [57] and Burke et al. [55] and other mechanisms [8, 24, 30, 62-66] that were 

originally developed for syngas, hydrocarbon or oxygenate combustion, but were also 

validated based on hydrogen combustion data. The simulations were carried out with the 

CHEMKIN codes and response surfaces were not used here. The flame, JSR and flow reactor 

experiments not considered in the optimization were also taken into account. However, the 

datasets that were excluded from the final optimization (marked in Tables A1–A3) were also 

not considered in this comparison. 

The calculated error function values are given in Table 4.3. In each column, these values 

are normalized by the number of datasets. The total error function values are the dataset 

weighted sums of the values belonging to each category. Some mechanisms do not contain He 

as a bath gas, and according to our simulations cannot reproduce well the experiments with 

He. Therefore, flame velocity experiments with and without helium diluent are indicated 

separately in Table 4.3. This table shows that the optimized mechanism gives the best overall 

reproduction of all available experimental data, although it is not the best in each category, 

since Burke-2012 [55] is better at reproducing the flame velocity and flow reactor 
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measurements, while GRI-Mech 3.0 [24] is better at reproducing the JSR outlet 

concentrations. 

 

Table 4.3. Comparison of error function values between our optimized and 13 recently 

published mechanisms by experiment type. The error function values are normalized by the 

number of datasets within each column. 

Mechanism Ref. 

Average error function 

shock 

tube 

RC

M 
JSR 

Flow 

reactors 
Flames 

Flames 

(w/o He) 

Total 

(w/o He) 
Total 

Optimized 

mechanism 

this 

work 
5.94 6.70 2.97 8.08 4.86 6.11 5.32 4.96 

Kéromnès 2013 [8] 6.69 11.33 3.02 13.25 8.11 5.88 7.62 8.29 

NUIG NGM 2010 [62] 7.92 17.08 3.00 7.27 7.24 9.94 9.53 8.45 

Ó Conaire 2004 [56] 8.51 23.15 2.96 8.18 - 8.90 10.44 - 

Konnov 2008 [19] 9.67 27.61 3.06 10.91 - 6.37 11.04 - 

Hong 2011 [57] 11.45 9.15 3.01 8.15 - 18.72 12.40 - 

Li 2007 [63] 7.58 43.98 2.99 7.83 7.61 7.07 12.69 12.04 

Burke 2012 [55] 13.29 48.54 3.06 3.91 4.57 5.91 14.57 12.65 

Saxena Williams 2006 [64] 11.06 47.28 3.02 28.30 7.60 8.13 17.05 15.43 

San Diego 2014 [67] 16.80 17.75 3.00 14.90 25.22 17.62 13.86 17.22 

CRECK 2012 [65] 6.61 28.42 2.93 21.44 25.49 38.30 21.32 18.58 

Davis 2005 [30] 11.62 93.55 3.00 4.89 5.84 7.58 21.52 18.60 

GRI 3.0 1999 [24] 49.07 115.6 2.42 11.56 - 23.97 43.78 - 

Sun 2007 [66] 11.99 309.2 3.11 25.42 15.31 18.60 60.50 52.55 

No. of datapoints 
 

566 219 149 191 432 319 1390 1513 

No. of datasets 
 

43 19 9 14 62 39 121 145 

 

The covariance matrix of all fitted parameters was calculated using Equation (3.29). This 

covariance matrix characterizes the joint posterior domain of uncertainty of the parameters 

and it can be transformed [39] to the f(T) posterior uncertainty function of each investigated 

reaction step. The optimized rate coefficient functions never reached their prior uncertainty 

limits in the investigated temperature range of 800 K to 2300 K. Figure 4.1 shows the 

temperature dependence of the original and the optimized rate coefficients for each reaction 

step, and the prior and posterior uncertainty bands. The mechanism optimization process 

resulted in a narrower and better established uncertainty band of the rate parameters for most 

of the reactions investigated. Figure 4.1 shows that the initial and optimized rate coefficients 

are significantly different for reactions R13, R15 and R18. These are all HO2 radical reactions 

and, according to the sensitivity analysis results, these rate coefficients were mainly 

constrained by lean flame velocity measurements. 
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Figure 4.1. Initial and optimized rate coefficients of the optimized reactions. The prior and 

posterior uncertainty limits are also shown, see the legend for details. 
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4.1.8. Conclusions 

An optimization of the hydrogen combustion mechanism of Kéromnès et al. [8] has been 

presented, which has been published in [A3]. A large amount of experimental data was 

collected from the literature including ignition delay time, flame velocity, and JSR 

measurements. The local sensitivity coefficients of the simulated experimental datapoints 

were determined, and the results indicated that rate parameters of 11 reactions (in total 30 

Arrhenius parameters and 3 third body collision efficiency parameters) have high influence on 

the simulation results. All direct measurements and theoretical determinations belonging to 

these 11 elementary reactions were collected and used to outline the prior uncertainty band of 

the rate coefficients.  

The optimization took into account both direct and indirect measurements, and yielded 

optimized values of these parameters. It also provided posterior covariance matrix of the fitted 

parameters and the uncertainty bands for the related rate coefficients, which were narrower 

than the prior ones at almost all temperatures relevant for combustion. The covariance matrix 

of the Arrhenius parameters was used in the study of Valkó et al. [B6] which investigated the 

effect of a correlated set of parameters on the uncertainty of modelled ignition delays using a 

newly developed HDMR-based method.  

The performance of the optimized mechanism was compared with those of several recently 

published mechanisms and it was demonstrated that our optimized hydrogen combustion 

mechanism provided the best overall description of the currently available ignition delay time, 

laminar flame velocity, JSR exit concentration and flow reactor measurements, while all rate 

coefficients are consistent with the respective direct measurements. The optimized mechanism 

together with the covariance matrix of the optimized parameters can be considered a 

representation of the information on hydrogen combustion that can be extracted from the 

utilized data, both direct and indirect. As practically all available data was used that did not 

have to be excluded due to various considerations, this can be considered the best available 

description for the combustion of hydrogen. 

Naturally, there are limitations that should be kept in mind, including the limitations of the 

physical models used to simulate the indirect experiments, the potential inaccuracies of 

parametrizations of rate coefficients and that the error propagation was assumed to be linear. 

Still, the mechanism developed here is self-consistent and has been shown to produce realistic 
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results in a wide range of experimental conditions, therefore it is an ideal base mechanism for 

the development of combustion models of more complex fuels. 
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4.2 Optimization of a joint hydrogen/syngas combustion mechanism 

In recent years, there has been an increased interest in studying the combustion of 

hydrogen, and fuel mixtures consisting of carbon monoxide and hydrogen, referred to as 

syngas or “wet CO,” potentially including additional species such as CO2 and/or H2O. The 

development of clean and efficient combustion technologies for these fuels requires an in-

depth knowledge of the chemical processes that occur during combustion. The high-

temperature combustion of hydrocarbons and oxygenates is also governed by the chemistry of 

hydrogen and syngas combustion. Therefore, accurate knowledge of these processes is 

essential in the development of combustion mechanisms for any larger fuel molecules. 

 

4.2.1. Collection of indirect experimental data 

A large set of indirect experimental data relevant to both hydrogen and syngas combustion 

was collected and used. For hydrogen combustion, all data that were used in the modeling 

study of Olm et al. [B2] and during the development of our optimized hydrogen combustion 

mechanism [A3] were also considered here. New experimental data were added from 

Hashemi et al. [11], who investigated the combustion of hydrogen in a flow reactor. 

Altogether 770 ignition delay measurements from shock tubes (53 datasets), 229 ignition 

delay measurements from rapid compression machines (20 datasets), 443 concentration 

measurements from flow reactors (17 datasets), 152 concentration measurements from jet-

stirred reactors (9 datasets) and 631 laminar burning velocity measurements (73 datasets) 

relevant to hydrogen combustion were used in this study. 

For syngas combustion, a large set of indirect experimental data collected by Olm et al. 

[B3] was used. While in many practical applications syngas can contain CH4 and other 

hydrocarbons, in the present work only fuel mixtures of H2 and CO are considered, as well as 

pure CO and pure H2 diluted with CO2. In total 732 ignition delay measurements in shock 

tubes (62 datasets), 492 ignition delay measurements from rapid compression machines (47 

datasets), 1104 concentration measurements from flow reactors (58 datasets), 90 

concentration measurements from jet-stirred reactors (3 datasets), 436 concentration 

measurements from shock tubes (4 datasets) and 2116 laminar burning velocity measurements 

(217 datasets) were used. 
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A detailed list of the collected data can be found in Tables B1 – B8 of Appendix B. All 

data collected were stored in XML files according to the ReSpecTh Kinetics Data Format 

Specification [68] and made publicly available on the ReSpecTh website. 

Similar considerations were taken into account during the selection and simulations of 

experiments as described in Sections 2.1 and 4.1.2. Shock tube data measured below 

temperatures of 1000 K (behind the reflected shock wave) were excluded due to the influence 

of facility effects which cannot be accounted for using homogenous, adiabatic simulations. 

For most of the shock tube measurements pressuretime profiles, which can be used to take 

into account this effect, were not reported. Thi et al. [7] published their experimental data 

together with a characterization of the pressure increase observed during their experiments, 

which could be used to adequately model the experiments below 1000 K, and these data were 

used in the present work. 

Speciated flame measurements were not used in this optimization either, due to the fact 

that the simulation results are far more sensitive to the temperature profile than to the kinetic 

parameters used for the simulations. We found that at the conditions of the JSR experiments 

the measured values showed relatively low sensitivity to the rate parameters of most reactions 

and therefore were not used as optimization targets, but were used to test the final optimized 

mechanism. 

Turbulent flow reactor experiments were interpreted by shifting the simulated species 

profiles for small species such as H2 and CO to match the simulated half-fuel depletion time 

with the experiments, as recommended by Dryer et al. [10]. In cases where the half-fuel 

depletion point was not observable in the reported results, a smaller degree of conversion was 

used as the matching point. These data were used during the optimization, but the time shift 

raises concerns during the uncertainty estimation of the fitted parameters. To estimate the 

uncertainty of the flow reactor measurements caused by the uncertainty of the time shift, we 

would have to know the uncertainty of the related physical/chemical processes (e.g. mixing, 

heat transfer, potential impurities). If measured time shift values and associated uncertainties 

were available, it would be possible to meaningfully propagate such uncertainties to those of 

the calculated rate parameters. However, in most cases the physical/chemical processes 

behind the time shift are not well characterized, and are compounded into a single time shift 

effect. If the time shift were carried out without taking into account the associated 

uncertainties, then such a time shift would be a free parameter from a parameter estimation 
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point of view. By introducing a free parameter, our error estimation procedure would strongly 

underestimate the uncertainties of rate parameters, as most of the systematic discrepancies 

between the experimental data and the simulation results would be eliminated by shifting the 

concentration profiles in time. Also, only experimental results between fuel depletion of 90% 

and 10% were taken into account, since the datapoints related to a little or almost complete 

conversion contain very little kinetic information. This also meant the complete exclusion of a 

small number of datasets, where no points were measured in this range of conversion. 

During the hydrogen model optimization study, some datasets have been identified that 

could not be simultaneously well-reproduced with the majority of the optimization targets. 

For syngas combustion, Olm et al. [B3] also identified some measurements that could not be 

reproduced within 3σ of the experimental uncertainty by any of the mechanisms investigated, 

and this was indicated in the Supplementary Material of the corresponding article. It was also 

demonstrated that the badly reproducible experiments are not all related to some well-defined 

special sets of conditions, such as high pressure or high equivalence ratio, and reproducible 

experimental measurements carried out at similar conditions are usually available. These few 

irreproducible hydrogen and syngas experiments were not used in the present optimization as 

targets. Altogether, 12 ignition delay (11 measured in shock tubes and 1 in RCM) and 11 

laminar burning velocity datasets relevant to hydrogen combustion, as well as 8 ignition delay 

(3 measured in shock tubes and 5 in RCMs), 8 laminar burning velocity and 17 concentration 

profile (15 measured using flow reactors, 1 using JSR and 1 using shock tube) datasets 

relevant to syngas combustion were excluded in this way. 

The indirect experiments for hydrogen and syngas combustion that were used as 

optimization targets consisted of 1723 ignition delays measured in shock-tubes and RCMs 

from 156 datasets, 2311 laminar burning velocity measurements from 256 datasets, and 968 

concentration values measured using shock-tubes and flow reactors from 53 datasets. 

Furthermore, 103 concentration measurements in JSRs from 11 datasets were also included in 

our final comparison between mechanisms. 

 

4.2.2. The initial mechanism 

According to the studies on hydrogen and syngas combustion mechanisms of Olm et al. 

[B2-B3], the mechanism of Kéromnès et al. [8] provides one of the best overall descriptions 

of the indirect experimental data related to both, hydrogen and syngas combustion. This 
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model was also developed based on the most recent direct measurements and high-level 

theoretical calculations of reaction rate coefficients. Therefore, it was used as the starting 

point for further mechanism development. 

The hydrogen combustion sub-mechanism was replaced with the optimized mechanism 

described in Section 4.1, which was shown to produce the best results for the description of 

direct and indirect experimental data relevant to the combustion of hydrogen. 

The reaction HCO + M = H + CO + M was described in the model of Kéromnès et al. as 

being second order at all pressures, i.e. considered to be at the low pressure limit at all 

pressures. This elementary reaction was also handled in this way in all other published syngas 

combustion mechanisms. However, a deviation from the second-order behaviour at pressures 

of 10 bar and above has been observed experimentally by Hippler et al. [69] and Krasnoperov 

et al. [70]. The theoretical study of Yang el al. [71] provided a high-pressure limiting rate 

coefficient, a Troe fit for the fall-off region, and third-body collision efficiencies for argon 

and helium, relative to nitrogen. In our initial model we considered the pressure dependence 

for the HCO decomposition reaction, by retaining the second order rate coefficient of 

Kéromnès et al. as the low-pressure limit for the reaction. The rate parameters of this reaction 

are based on the value suggested by Li et al. [63]. In the initial mechanism we used the high-

pressure limiting rate coefficient, the Troe parameters and the third-body collision efficiencies 

of Yang et al. [71] for He and Ar, and the third-body collision efficiencies of Kéromnès et al. 

for the other colliders. 

The third-body collision efficiencies were handled differently in our initial mechanism 

compared to the Kéromnès et al. mechanism. Temperature-dependent third-body collision 

efficiencies were used by Kéromnès et al. by defining reactions that involve specific third 

bodies (e.g. H+O2+Ar=HO2+Ar, H+O2+N2=HO2+N2), and providing different 

parametrizations for the temperature dependence of these low-pressure limiting rate 

coefficients. However, this formalism produces incorrect results at high pressures, since the 

calculated rate coefficients are effectively multiplied at high pressures by the number of 

collider specific reactions. In our initial model we converted such multiple reactions into a 

single one, with the closest equivalent temperature-independent third-body collision 

efficiency.  

For each reaction involving third bodies, the rate coefficient was expressed with nitrogen 

as the reference collider having unit efficiency. Efficiencies were explicitly defined for 
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several stable species, such as H2, CO, O2, H2O, CO2, Ar and He. Unit relative collider 

efficiencies were used for most other species. 

 

4.2.3. Selection of rate parameters to be optimized 

A local sensitivity analysis using the initial mechanism was carried out at the conditions of 

the indirect experimental data. Normalized sensitivity coefficients were calculated for each of 

the experimental datapoints with respect to the A-factors of each reaction, including the A-

factors describing the low-pressure limiting rate coefficients. The sensitivity coefficients of 

the third-body collision efficiencies were also calculated. The sensitivity coefficients were 

calculated using the finite difference method, and the threshold for importance was defined as 

10% of the largest absolute value of the normalized sensitivity coefficients for each 

experiment. 

The rate parameters of those reactions were selected for optimization that produced high 

sensitivity coefficient values at several experimental conditions. Usually all three Arrhenius 

parameters (A, n, E) were optimized, unless it was reported by Nagy et al. [45] in their review 

of the uncertainty of the rate coefficients of the key elementary reactions in hydrogen and 

syngas combustion, that the temperature dependence of both the rate coefficient and its 

uncertainty can be adequately described using fewer Arrhenius parameters.  

The list of the rate parameters chosen for optimization is given in Table 4.4. Altogether, 48 

Arrhenius parameters of 18 reactions and 5 third-body collision efficiencies were optimized. 

The selected elementary reactions included all of those that were previously optimized in our 

recently published hydrogen combustion model [A3], as well as the reactions that are relevant 

only to the combustion of syngas mixtures due to involving carbon containing species. Two 

further reactions OH + OH = O + H2O (R4) and H + H + M = H2 + M (R5) were also 

included, since the rate coefficients of these hydrogen reactions are important at the 

conditions of several syngas experiments, but only at a few hydrogen experiments.  

The temperature dependence of the rate coefficient of reaction HO2 + HO2 = H2O2 + O2 

(R15) can be described with the sum of two Arrhenius expressions. In the present work the 

parameters of the Arrhenius expression that are relevant at higher temperatures were 

optimized only, while those relevant at lower temperatures were not modified. 
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Table 4.4. Table of parameters selected for optimization. Reaction IDs correspond to the 

order of reactions in the Kéromnès mechanism. 

Reaction ID Reaction Parameters optimized 

R1 H + O2 = O + OH lnA   n   E 

R2 O + H2 = H + OH lnA   n   E 

R3 OH + H2 = H + H2O lnA   n   E 

R4 OH + OH = O + H2O lnA   n   E 

R5 H + H + M = H2 + M lnA   n   E 

R8 H + OH + M = H2O + M lnA   n   E   m(He) 

R9 H + O2 + M = HO2 +M lnA   n        m(Ar)   m(He)   m(H2O) 

R10 HO2 + H = H2 + O2 lnA   n   E 

R11 HO2 + H = OH + OH lnA        E 

R13 HO2 + OH = H2O + O2 lnA   n   E 

R15 HO2 + HO2 = H2O2 + O2 lnA        E 

R16 OH + OH + M = H2O2 + M lnA   n   E 

R18 H2O2 + H = H2 + HO2 lnA   n   E 

R23 CO + O2 = CO2 + O lnA        E 

R24 CO + OH = CO2 + H lnA   n   E 

R25 CO + HO2 = CO2 + OH lnA   n   E 

R26 HCO + M = H + CO + M lnA   n   E   m(Ar) 

R28 HCO + H = CO + H2 lnA 

 

It was found that the reactions optimized in our previous study on hydrogen combustion 

[A3] also have a large influence on the simulation results of the syngas combustion 

experiments. This indicated that information on the values of the rate parameters of these 

elementary hydrogen combustion reactions can be inferred from syngas combustion 

experiments, and could therefore be further optimized based on the whole (hydrogen and 

syngas) experimental dataset. 

Direct rate coefficient measurements could be found for most of the selected reactions in 

the literature. Altogether 2217 datapoints in 81 datasets were used as optimization targets. 

Most of these direct measurements were indicated in review articles [8, 19, 30, 54-57, 63, 66] 

as highly reliable ones. These include almost all direct measurements utilized for the 

optimization of our hydrogen mechanism [A3]. Primarily, measurements that were performed 

at temperatures above 700 K and below 3000 K were collected, which is the most relevant 

temperature interval for the combustion of hydrogen and syngas. In the cases of reactions 

where few data were available, measurements closer to room temperature were also used. The 

number of direct measurements used as optimization targets for each reaction step is given in 
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Table 4.5, and the detailed list can be seen in Table B9 of the Appendix B. All direct rate 

coefficient measurement results, together with the conditions of determinations were also 

encoded into XML files according to the ReSpecTh format specification [68]. 

 

4.2.4. Parameter optimization 

As a part of our method, a global minimum search of the error function (Equation 3.10) 

was carried out. Global parameter optimization methods require the definition of a domain of 

the parameters in which the optimum is sought. Nagy et al. [45] have published temperature-

dependent uncertainty limits for the rate coefficients of the elementary reactions selected for 

optimization in the present work. These limits were based on an extensive review of the 

experimental and theoretical determinations of the rate coefficients. The objective of this was 

to provide an upper estimation of the uncertainties of the rate coefficients at each temperature 

within the combustion temperature interval. The corresponding joint uncertainty domain of 

the rate parameters for the selected reaction was then determined. All physically realistic 

Arrhenius parameters lie within these domains, and their respective limits can be used as 

boundaries in a global optimization. Nagy et al. [45] have also provided non-restrictive 

uncertainty ranges for third-body collision efficiencies for pressure dependent rate 

coefficients, which were also used in this work. The global minimum search of influential 

kinetic parameters (Arrhenius and third-body efficiency parameters) is performed by the 

algorithm described in Section 3.1. 

The evaluation of the error function requires simulations of the experiments. The 

simulation programs SENKIN [72], PREMIX [73] and PSR [74] of the CHEMKIN-II 

package [2] were used, and the control parameters of all simulation codes were chosen so that 

the numerical errors were minimized, i.e. the integrator tolerances were set to strict values for 

all simulations. For the PREMIX calculations the flame grid was set to contain at least 600 

points and the GRAD and CURV settings were required to be less than 0.1. Typically GRAD 

and CURV values near 0.01–0.03 were needed to achieve a grid of 600 points. Both thermal 

diffusion and multicomponent diffusion models were used for the flame simulations.  
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4.2.5. Calculation of response surfaces 

A polynomial response surface was calculated for each laminar burning velocity 

measurement in order to decrease the computational costs of the optimization. Without using 

response surfaces for flames, the computational cost of the optimization task would have been 

approximately two orders of magnitude larger, therefore would have been unfeasible. 

Response surfaces were not utilized for other experiment types, unlike in Section 4.1. 

For each burning velocity datapoint, 20,000 random, uniformly-distributed samples of the 

active parameters, previously identified using sensitivity analyses, were generated within their 

joint domain of uncertainty and all other parameters were fixed at their original values. The 

uniform sampling algorithm for the Arrhenius parameters described in [45] (the UBAC 

algorithm) was used. Simulations were performed at all experimental conditions using each 

generated parameter set, with the strict integrator options and diffusion models described 

earlier. The simulation results were fitted by orthonormal polynomials using the method of 

Turányi [49]. Monomials were restricted to be at most 4th order and to have at most two 

variables of which one is first order. Trial calculations indicated that the response surface 

polynomials generated this way are similarly accurate compared to using a full orthonormal 

polynomial expansion approximation, but they can be evaluated using less computer time. 

The polynomials obtained were tested against simulation results generated from 1,000 

new, random sets of parameters. The maximum allowed difference between the test set of 

simulation results and the polynomial was 2 cm/s, which is equal to the minimum 1σ 

experimental uncertainty assigned to our datasets. For most datapoints, a satisfactory response 

surface was obtained based on this criterion. The typical root mean square error of the 

response surfaces was around 0.1 cm/s. Those laminar burning velocity measurements for 

which an accurate response surface could not be calculated were omitted from the 

optimization, but were included in the evaluation of the optimized models performance and 

comparison with other models. This meant the exclusion of 75 hydrogen and 344 syngas 

laminar burning velocity datapoints from the optimization. 

There is a twofold reason why we could not obtain accurate response surfaces for all 

datapoints. In some cases some rate parameter combinations are non-physical and simulation 

results could not be obtained in these regions of the parameter space. This typically occurs 

when the measurements were carried out near flame extinction conditions. In other cases we 

have good simulation results in the entire parameter space investigated but the surrogate 



82 

 

model describes these points with high error. This is an issue of fitting the data, which could 

be avoided using a more complex fitting function. 

 

4.2.6. Optimization strategy 

The optimization was carried out using the optimization algorithm and strategy described 

in Section 3.1. The order of the inclusion of reactions as the order of reactions given in Table 

4.5. In the initial optimization according to the strategy, the third-body collision efficiencies 

were not modified, as these parameters can have identical effects to the A Arrhenius 

parameters at high dilutions allowing them to completely compensate each other in some 

cases. In the final stage of the optimization all Arrhenius parameters were fixed, and all 

important third-body collision efficiencies were optimized at the same time. Little 

modifications were made to the third-body collision efficiencies in this second stage, and only 

a small improvement of the model could be achieved.  

 

4.2.7. Results and discussion 

As a result of the optimization, the error function value decreased significantly and a better 

description of the collected indirect and direct experimental data was achieved. Optimized 

values, shown in Table 4.5, were obtained for 53 rate parameters (48 Arrhenius parameters 

and 5 third-body collision efficiencies). The covariance matrix of the optimized parameters 

was estimated using the method described in Section 3.2.1, which meant that the statistical 

scatter, and the remaining discrepancies between the measurements and the modelled results 

were propagated to the uncertainty of the optimized parameters. Here Equations (3.37a) and 

(3.37b) were used for the description of the systematic errors. From the covariance matrix of 

the rate parameters, temperature-dependent uncertainty ranges were obtained for the rate 

coefficients of each optimized reaction. 
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Table 4.5 The reactions selected, the number of direct measurements used for optimization, 

and the optimized values of the parameters. For reactions with a third-body “+M”, the 

optimized parameters refer to the low-pressure limit. The order of the reactions corresponds to 

the order of inclusion according to the optimization strategy. Units of the Arrhenius 

parameters are cm3, mol, s, K. 

Optimized subset of reactions 
Direct experiments Optimized parameters 

Datapoints Datasets lnA n E/R 

R24 CO + OH = CO2 + H 205 15 9.717 2.221 –694.7 

R1 H + O2 = O + OH 745 9 36.16 –0.4859 8116 

R91 H + O2 + M = HO2 + M 149 10 45.41 –1.373 – 

R2 O + H2 = H + OH 338 11 14.04 2.270 3501 

R11 HO2 + H = OH + OH – – 31.69 – 86.07 

R13 HO2 + OH = H2O + O2 
67 4 27.59 0.4201 –477.4 

R82 H + OH + M = H2O + M 6 3 55.66 –2.538 60.79 

R10 H + HO2 = H2 + O2 
10 1 14.57 2.113 –817.7 

R3 OH + H2 = H + H2O 181 7 16.40 1.878 1586 

R18 H2O2 + H = H2 + HO2 
4 1 46.03 –1.925 4743 

R16 OH + OH + M = H2O2 + M 113 6 42.14 –1.178 –2150 

R23 CO + O2 = CO2 + O 39 1 28.69 – 24005 

R25 CO + HO2 = CO2 + OH – – 16.53 1.680 9139 

R15 HO2 + HO2 = H2O2 + O2 73 4 35.01 – 7826 

R263 HCO + M = H + CO + M 170 8 24.62 0.9596 7368 

R28 HCO + H = CO + H2 – – 31.79 – – 

R4 OH + OH = O + H2O 173 4 11.35 2.2642 –898.2 

R5 H + H + M = H2 + M 2 1 43.05 –1.213 308.0 
1 Optimized values of 3rd body collision efficiency parameters (±1σ) of reaction  

H + O2 (+M) = HO2 (+M):m(H2) = 1.510.25, m(Ar) = 0.4740.020, m(H2O) = 11.370.95 
2 Optimized value of the 3rd body collision efficiency for helium (±1σ) of reaction 

H + OH + M = H2O + M: m(He) = 0.440.21 
3 Optimized value of the 3rd body collision efficiency for argon (±1σ) of reaction 

HCO + M = H + CO + M: m(Ar) = 0.790.12 

 

The performance of the optimized mechanism was compared to several hydrogen and 

syngas combustion mechanisms, and also larger mechanisms that have been validated or 

extensively used for the simulation of hydrogen and syngas combustion. All simulations were 

carried out with CHEMKIN-II codes, without using response surfaces. All burning velocity 

experiments that were excluded from the optimization due to lack of accurate response 

surfaces were also taken into account here. 

The comparisons have been performed by investigating the error function values by 

experiment type for each model. Also, plots of the experimental data together with the 

simulation results obtained using each mechanism were created. Figures 4.2–4.4 show 

examples of experimental datasets, and simulation results obtained with the optimized and 

other investigated models. Tables 4.6 and 4.7 contain the calculated error function values for 
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each of the investigated mechanisms for the hydrogen and syngas combustion data, 

respectively. The error function values were also calculated separately for the ignition delay 

time, laminar burning velocity and concentration profile measurements. In several burning 

velocity measurements, helium was used as the bath gas or as a component of the diluent 

mixture. Only mechanisms that contain helium as a species and have assigned third-body 

collision efficiency values to pressure-dependent reactions were used for the simulation of 

these experiments. In Tables 2 and 3, the calculated error function values are given, 

considering the measurements where helium was not used (“noHe”) and also for the complete 

dataset, including measurements with helium (“wHe”). Overall, there is no large difference in 

the reproduction of burning velocities considering the He and non-He data, and the overall 

ranking of mechanisms is not affected by the selection of these groups of test data in most 

cases. 

 
Figure 4.2 Ignition delay measurements of Krejci et al. [75] and simulation results from each 

of the investigated syngas combustion mechanisms. Experimental conditions are p = 12 atm, 

φ = 0.5, H2/CO/O2/Ar = 0.005/0.005/0.01/0.98. 
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Figure 4.3 Laminar burning velocity measurements of Bouvet et al. [76] and simulation 

results from each of the investigated syngas combustion mechanisms. Experimental 

conditions are p = 1 atm, T = 295 K, H2/CO= 0.5/0.95 in air. 

 
Figure 4.4 Concentration − time profile measurements of Yetter et al. [77] and simulation 

results from each of the investigated syngas combustion mechanisms. Experimental 

conditions are p = 1 atm, T = 1138 K, φ = 0.013, CO/O2/H2O/N2 = 0.00016/0.0191/0.0154/ 

0.96534. 
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Table 4.6 Comparison of error function values between our optimized and 19 other 

mechanisms by experiment type, for hydrogen combustion. The error function values are 

normalized by the number of datasets within each column. The columns contain results for 

ignition delay time measurements (IDT), concentration profiles (Conc), laminar burning 

velocity measurements, (Flame) and over the whole dataset (Total). In the case of laminar 

burning velocities and overall results error function values calculated both with the exclusion 

of experimental data where He was used as a bath gas (noHe) and including these (wHe) are 

given. 

Hydrogen combustion 

Mechanism Ref. 
Average error function 

IDT Conc 

Flame 

noHe 

Flame 

wHe 

Total 

noHe 

Total 

wHe 

ELTE Syngas 2015 this work 6.66 4.97 7.24 5.80 6.48 6.00 

ELTE Hydrogen 2015 [A3] 6.17 5.66 6.11 4.86 6.05 5.54 

Kéromnès 2013 [8] 8.11 8.03 5.88 8.11 7.41 8.10 

NUIG NGM 2010 [62] 10.72 4.87 9.94 7.24 9.25 8.25 

Ó Conaire 2004 [56] 13.00 5.33 8.90 - 10.13 - 

Konnov 2008 [19] 15.17 6.73 6.37 - 10.71 - 

Li 2015 [53] 13.77 6.88 15.54 10.80 12.85 11.32 

Li 2007 [63] 18.73 5.23 7.07 7.61 12.33 11.75 

Alekseev 2015 [54] 11.88 7.01 10.34 14.76 10.38 12.19 

Hong 2011 [57] 10.74 5.43 18.72 - 12.05 - 

Burke 2012 [55] 24.09 3.18 5.91 4.57 14.14 12.34 

Saxena Williams 2006 [64] 22.16 15.79 8.13 7.60 16.54 15.04 

POLIMI 2014 [78] 25.60 10.06 10.81 7.97 17.82 15.58 

Davis 2005 [30] 36.73 3.98 7.58 5.83 20.94 18.19 

Starik 2009 [79] 30.84 3.95 16.40 12.77 20.77 18.61 

San Diego 2014 [67] 17.09 12.22 17.62 25.21 16.23 19.56 

USC II 2007 [80] 36.36 3.97 13.81 - 22.65 - 

GRI 3.0 1999 [24] 69.51 6.90 23.97 - 42.43 - 

Sun 2007 [66] 103.10 14.48 18.60 15.31 58.66 51.21 

Rasmussen 2008 [81] 202.58 10.60 21.23 - 106.83 - 

No. of datasets  62 27 39 62 128 151 

No. of datapoints  785 294 319 432 1398 1511 
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Table 4.7 Comparison of error function values between our optimized and 13 other 

mechanisms by experiment type considering only syngas combustion data. The error 

function values are normalized by the number of datasets within each column. The columns 

contain results for ignition delay time measurements (IDT), concentration profiles (Conc), 

laminar burning velocity measurements, (Flame) and over the whole dataset (Total). In the 

case of laminar burning velocities and overall results error function values calculated both 

with the exclusion of experimental data where He was used as a bath gas (noHe) and 

including these (wHe) are given. 

Syngas combustion 

Mechanism Ref. 

Average error function 

IDT Conc 

Flame 

noHe 

Flame 

wHe 

Total 

noHe 

Total 

wHe 

ELTE Syngas 2015 this work 14.83 7.95 4.95 4.84 8.43 8.08 

NUIG NGM 2010 [62] 26.52 11.72 7.59 7.84 14.05 13.69 

Kéromnès 2013 [8] 38.09 21.34 6.60 6.29 18.33 17.20 

Davis 2005 [30] 52.04 13.49 4.26 4.36 20.43 19.19 

POLIMI 2014 [78] 45.28 29.17 5.49 5.89 20.93 19.93 

Li 2015 [53] 19.80 105.73 5.27 5.92 22.27 21.30 

Li 2007 [63] 50.77 30.11 5.58 5.79 22.82 21.57 

USC II 2007  [80] 64.17 10.78 5.17 - 24.41 - 

San Diego 2014 [67] 30.38 50.92 15.81 16.20 24.73 24.25 

Starik 2009 [79] 36.04 75.02 15.58 14.66 29.37 27.71 

GRI 3.0 1999 [24] 77.23 55.56 5.49 - 34.24 - 

Rasmussen 2008 [81] 87.12 74.65 16.15 - 45.70 - 

Saxena Williams 2006 [64] 77.51 162.54 5.31 5.39 47.47 44.14 

Sun 2007 [66] 133.69 84.05 5.74 6.85 55.65 52.32 

No. of datasets  94 37 168 194 299 325 

No. of datapoints  938 777 1649 1879 3364 3594 

 

The results show that the present optimized model produces the best overall results on the 

syngas combustion data. It is the best performing mechanism for ignition delay and 

concentration profile measurements, and the second best for laminar burning velocity 

measurements after the mechanism of Davis et al. [30].  

Considering the hydrogen combustion data, a slightly worse overall performance was 

obtained than for our optimized hydrogen combustion mechanism [A3]. While the present 

joint optimized mechanism is not the best performing one in any of the experimental data 

categories for hydrogen combustion, its error function values are only slightly higher than 

those of the best performing previously published mechanisms.  

The fact that low error function values were obtained for each experimental category 

considering both hydrogen and syngas combustion indicates that the present optimized 

mechanism is well balanced and provides good results in the whole validation range. This 
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demonstrates that an optimization approach including multiple combustion systems over a 

wide range of conditions is feasible, and models that can accurately describe the combustion 

of several fuels simultaneously can be created by this method. 

For the development of mechanisms for the combustion of more complex fuels, a similar 

approach could be recommended, i.e. optimization of all highly sensitive rate parameters, 

including those that have been optimized during the development of a less complex fuel. The 

most “complete” characterization of rate coefficients can be achieved in this way, as in the 

experimental investigation the combustion properties can carry information on reaction rate 

parameters that play a significant role in the combustion of less complex fuels. For example, 

the laminar burning velocities of most hydrocarbons are known to be largely governed by the 

chemistry of the hydrogen and syngas system. 

However, such an approach would be hindered by the increasing computational demand, as 

both the number of optimization targets and the parameters to be optimized increase. A viable 

option is to keep the previously optimized rate parameters unmodified, and to optimize only 

the “new” reactions that play an important role in the combustion of the more complex fuel. 

In this way the computational requirements can be decreased, and it can be guaranteed that a 

new mechanism also provides good results for the combustion of smaller fuels, since the 

relevant chemistry is not modified. However, in this way the joint uncertainty of the newly 

and previously optimized reactions cannot be investigated, and the uncertainty limits obtained 

for the rate coefficients will represent only the information that was obtained based on the 

respective subsets of experimental data. 

The optimized rate coefficients were also compared to the values obtained from direct 

experimental and theoretical determinations, and recommendations of review articles, taking 

into consideration the calculated temperature-dependent uncertainty ranges of the optimized 

rate coefficients. Figures B1 – B18 of Appendix B show the rate coefficients of the 18 

optimized reactions and their 3σ uncertainty limits, together with selected direct 

measurements and theoretical results. In the cases where a small number of recent data were 

available, rate coefficient expressions recommended by recent reviews were also used to 

provide a basis for comparison. A more comprehensive list of the available rate coefficient 

determinations and recommendations is available in the review of Nagy et al. [45].  

In most cases the optimized rate coefficients were in good agreement with the most recent 

determinations and recommendations. This had been expected, since many of the most recent 
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direct experimental results were used as optimization targets for the development of the 

present optimized mechanism. However, a key value of this work is to demonstrate that it is 

possible to create an optimized mechanism that can well describe both indirect experiments 

and direct rate coefficient determinations. 

The reactions H + O2 = O + OH (R1), O + H2 = H + OH (R2), H + O2 (+M) = HO2 (+M) 

(R9) and CO + OH = CO2 + H (R24) are known to be among the most important reactions in 

the combustion of hydrogen and syngas, and have been extensively investigated in both 

experimental and theoretical studies. For these reactions, very precise rate coefficient values 

could be determined by the optimization, since indirect measurements such as ignition delays 

and laminar burning velocities are usually very sensitive to these reactions. The optimized 

parameters are also consistent with the literature for these rate coefficients. 

For reactions OH + H2 = H + H2O (R3) and OH + OH (+M) = H2O2 (+M) (R16) a smaller 

number of rate coefficient determinations were available in the literature. Very narrow 

posterior uncertainty ranges were obtained for the rate coefficients of these reactions as a 

result of optimization, due to their high sensitivities at the conditions of some of the indirect 

experimental data. The obtained uncertainty ranges are smaller than the scatter of several 

independent direct determinations and the optimized rate coefficient values fall very close to 

most of the recent determinations. 

The rate coefficients of the reactions OH + OH = O + H2O (R4), H + H + M = H2 + M 

(R5), H + OH + M = H2O + M (R8), H + HO2 = H2 + O2 (R10), HO2 + H = OH + OH (R11), 

HO2 + OH = H2O + O2 (R13), CO + O2 = CO2 + O (R23), CO + HO2 = CO2 + OH (R25), 

HCO + M = H + CO + M (R26) and HCO + H = CO + H2 (R28) could be determined with 

somewhat lower uncertainties than the prior values, and an overall good agreement was 

obtained with the available direct determinations.  

For the rate coefficients of the reactions H + HO2 = H2 + O2 (R10) and HO2 + H = OH + 

OH (R11), only few direct measurements are available. The rate coefficient values obtained 

here are similar to those obtained in our previous optimization study on hydrogen combustion 

[A3], but the obtained posterior uncertainties were smaller than the prior ones. For the 

reactions H + OH + M = H2O + M (R8) and HO2 + OH = H2O + O2 (R13) somewhat different 

values were obtained for the rate coefficient than in our previous optimization study, although 

the uncertainty ranges overlap at almost all temperatures. Burke et al. [82] have recently 

published a detailed study of reaction R13. They have considered both ab initio calculation 
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results and indirect experimental data using the multi-scale modelling methodology to address 

the inconsistencies between experimental measurements of the rate coefficient. Burke et al. 

found that there is a minimum of the rate coefficient near 1200 K, but it is not as sharp as it 

was indicated by several previous experimental results. In our previous study on hydrogen 

combustion [A3] we obtained very similar results to those of Burke et al., although the 

minimum in the rate coefficient occurred at a lower temperature, around 750 K. Interestingly, 

in our present study a much shallower minimum was obtained compared to both our previous 

study and the results of Burke et al., but the position of the minimum is now near 1100 K. The 

Burke et al. recommendation and the previous and current optimized rate parameter functions 

together with their 3σ uncertainty limits are plotted in Figure 4.5. The differences between the 

present optimization results and those of Varga et al. [A3] are indicative of a degree of 

inconsistency between the sets of optimization targets. The results of direct measurements and 

theoretical calculations for this reaction are given in Figure B10 in Appendix B. 

 
Figure 4.5 Arrhenius plot of the rate coefficient of reaction HO2 + OH = H2O + O2. The blue 

solid line shows the recommended mean value of Nagy et al. [45], the red solid line shows the 

result of the present optimization and the green solid line shows the result of the optimization 

of Varga et al. [A3]. The correspondingly colored dashed lines show the respective 3σ 

uncertainty limits. The black solid line with square symbols shows the rate coefficient 

obtained by Burke et al. [82] and the corresponding dashed lines show the 3σ uncertainty 

bounds of Burke et al. 
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The reaction CO + HO2 = CO2 + OH (R25) has been investigated recently in review 

articles and with theoretical methods [83] and different rate parameters have been suggested 

by different authors. Our obtained rate coefficient – temperature functions are in between the 

most recent recommendations, and all of the previously recommended rate coefficients are 

within our posterior uncertainty limits. A larger number of studies were available for the 

reaction HCO + M = H + CO + M (R26) and the optimized rate coefficient is near the most 

recent recommendations and measurements. The uncertainty of the optimized rate coefficient 

could be decreased compared to the prior uncertainty. The rate coefficient of reaction HCO + 

H = CO + H2 (R28) was observed to be independent of temperature by all experimental 

observations and therefore only the A-factor was fitted for this reaction. 

Due to the obtained low uncertainties and overall good agreement with previous studies, 

we consider the optimized rate parameters of reactions R1−R5, R8−R11, R13, R16, R23−R26 

and R28 as new recommended values, and not just fitted values within the context of the 

present optimized model. 

Rather different values were obtained for the rate coefficient of reaction HO2 + HO2 = 

H2O2 + O2 (R15) compared to our previous optimization study on hydrogen. Nevertheless, in 

the temperature region of 800 – 900 K where this reaction was shown to be important in our 

sensitivity analysis, the two recommended rate expressions are within each other’s uncertainty 

domains. The discrepancy at high temperatures suggests a degree of inconsistency between 

the H2 and the H2/CO datasets, or that the effect of changing the rate coefficient of this 

reaction can be easily compensated through changes of other reactions. In a later optimization 

study on methanol combustion Olm et al. [B4] found that shock tube experiments carried out 

using methanolair mixtures provide better constraints for reaction R15 (HO2 + HO2 = H2O2 

+ O2) than any experiment collected in the present work. They could re-evaluate the rate 

coefficient of this reaction, including the high-temperature Arrhenius expression that was not 

optimized in the present work. This indicates that the hierarchical approach to the 

development of combustion models is not perfectly applicable, as relatively complex fuels can 

sometimes provide extra information on the reactions relevant to the combustion of simpler 

fuels. 

The optimized rate coefficient for the reaction H2O2 + H = H2 + HO2 (R18) exhibits an 

unusual curvature at high temperatures, which does not agree with the recent theoretical 

determinations and recommendations. Unfortunately, no direct measurements in this 
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temperature range are available in the literature. However, the optimized rate coefficient is 

very similar to that obtained in our previous optimization study [A3]. 

For the reasons above we conclude that the optimized rate coefficients of reactions HO2 + 

HO2 = H2O2 + O2 (R15) and H2O2 + H = H2 + HO2 (R18) can be used in our model to provide 

a very good overall reproduction of the available indirect and direct measurements of 

hydrogen and syngas combustion, but are not necessarily good recommended values for 

general use. 

The posterior uncertainties represent how precisely the rate coefficients can be determined 

from the available data. It is important to note that this is not only a measure of the 

information content of the experimental data utilized, but also refers to the degree of 

inconsistency between the experimental results. Further narrowing of the uncertainty ranges 

would primarily require resolving these inconsistencies. Note that in the present work some 

experimental data were not utilized based on known issues in the experimental techniques. 

Also, some clearly outlying data has been identified and removed from the set of optimization 

targets, as discussed in Section 4.2.2. 

 

4.2.8. Conclusions 

A comprehensive and hierarchical optimization of a joint hydrogen and syngas combustion 

mechanism has been carried out, and published in [A4]. The mechanism of Kéromnès et al. 

[38] for syngas combustion was updated with the optimized hydrogen combustion described 

in Section 4.1. [A3], and optimized using a comprehensive set of direct and indirect 

experimental data relevant to hydrogen and syngas combustion. The collection of 

experimental data consisted of ignition measurements in shock tubes and rapid compression 

machines, burning velocity measurements, and species profiles measured using shock tubes, 

flow reactors and jet-stirred reactors. The experimental conditions covered wide ranges of 

temperatures (800  2500 K), pressures (0.5  50 bar), equivalence ratios (φ = 0.3  5.0) and 

C/H ratios (0  3). In total, 48 Arrhenius parameters and 5 third-body collision efficiency 

parameters of 18 elementary reactions were optimized using these experimental data. A large 

number of directly measured rate coefficient values belonging to 15 of the reaction steps were 

also utilized. The optimization has resulted in a H2/CO combustion mechanism which is 

applicable to a wide range of conditions. Moreover, new recommended rate parameters with 
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their covariance matrix and temperature-dependent uncertainty ranges of the optimized rate 

coefficients are provided. The optimized mechanism was compared to 19 recent hydrogen and 

syngas combustion mechanisms and is shown to provide the best reproduction of the 

experimental data. As it provides good results in wide ranges of experimental conditions, it is 

a good starting point for the development of larger combustion mechanisms as well as for 

automatic mechanism generation. 

The covariance matrix of the optimized parameters was calculated and temperature-

dependent uncertainty ranges were obtained for the rate coefficients of each of the optimized 

reactions. The rate parameters of reactions R1−R5, R8−R11, R13, R16, R23−R26 and R28 

could be determined with high precision and we consider the optimized values as 

recommendations for the physical values. The rate parameters of reactions R15 and R18 are 

not necessarily recommended to be used outside the current optimized model. A re-evaluation 

of the rate coefficient of R15 (HO2 + HO2 = H2O2 + O2) has been carried out by Olm et al. 

[B4] based on experiments related to methanol combustion, and it could be obtained with a 

smaller uncertainty at all temperatures than in this study. 
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4.3 Other results 

In Sections 4.1 and 4.2 the optimization methodology developed at the Chemical Kinetics 

Laboratory of ELTE [A1] has been used to optimize mechanisms against a large set of 

experimental data, with the aim of creating a mechanism that is applicable in a wide range of 

conditions. In other studies [A2, A6] the method has also been applied for processing a 

smaller set of experimental data, related a specific set of conditions. This typically meant the 

re-evaluation of data published in a single paper, or a few related papers. In these studies the 

aim was to determine all information on the rate coefficients of the relevant reactions that is 

implied by the experimental results, and their uncertainty ranges. 

 

4.3.1. Thermal decomposition of ethyl-iodide 

A re-evaluation of an ethyl-iodide pyrolysis model has been carried out [A2], based on 

shock tube experiments previously published by Bentz et al. [84] and direct measurements of 

Michael et al. [85] and Vasileiadis and Benson [86] of the rate coefficient of the H + HI = H2 

+ I reaction. Ethyl-iodide is widely used as a hydrogen atom precursor in shock tube 

experiments, and is typically assumed to decompose instantaneously into H atoms at 

temperatures above 1200 K, with a branching ratio of approximately 0.85. However, the 

kinetics of the thermal decompositions at lower temperatures has not been investigated. Also, 

the branching ratio is known with relatively large uncertainty, with values reported between 

0.6 and 1.0. 

The experiments of Bentz et al. [84] were conducted in a stainless steel shock tube behind 

reflected shock waves. The thermal decomposition reaction behind the reflected shock wave 

was monitored using H- and I-ARAS (atom resonance absorption spectroscopy). 23 

experiments were carried out using H-ARAS, and 5 with I-ARAS, with a time resolution of 

about 10 µs. The experiments were performed in the temperature range of 950–1400 K and 

pressure range of 1–2 atm.  

A mechanism containing 5 reactions and 7 species was created by Bentz et al, which can 

be seen in Table 4.8. The authors evaluated their experiments using the method of initial rates, 

by fitting a linear function to the measured initial buildup of H-atom concentrations. As the 

initial rate of appearance of H-atoms is governed by the rate of ethyl-iodide decomposition 

into ethyl and iodide radicals, as the ethyl radicals decompose into H atoms and ethane at a 
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very fast rate. Using this method they could determine the rate coefficient of the C2H5I = 

C2H5 + I reaction. For the other reactions the rate parameters were obtained from direct 

measurements or theoretical determinations. The results of the I-ARAS measurements were 

not utilized. 

 

Table 4.8 The initial and the optimized Arrhenius parameters in the reaction mechanism for 

the thermal decomposition of ethyl-iodide. Arrhenius parameters of reaction R2 were not 

changed during the optimization. The units are: mol cm3, s, K. 

Reaction 
Initial model Optimized model 

log10(A) E/R log10(A) E/R 

 R1: C2H5I → C2H5 + I 13.00 23200 13.53 24472  

 R2: C2H5 + M → C2H4 + H+M 18.00 16800 18.00 16800 

R3: C2H5I → C2H4 + HI 13.23 26680 13.67 27168  

R4: H + HI → H2 + I 13.68 330 13.82 491  

R5: C2H5I + H → C2H5 + HI 15.62 3940 15.00 2593  

 

In our work we have carried out a local sensitivity analysis at the conditions of all 

experiments and found that the rate parameters of reactions C2H5I = C2H5 + I, C2H5I = C2H4 + 

HI, H + HI = H2 + I and C2H5I + H = C2H5I + HI can be determined from the available data. 

Direct measurements of Michael et al. [85] and Vasileiadis and Benson [86] of the rate 

coefficient of the H + HI = H2 + I reaction were also selected as optimization targets. Using 

the optimization methodology described in Section 3, these rate parameters were optimized, 

using all H- and I-ARAS measurements, and the selected direct measurements as optimization 

targets. The optimized values of the rate parameters can be seen in Table 4.8. The 

optimization led to a better reproduction of the available experimental data compared to the 

model of Bentz et al., and the error function values are given in Table 4.9. 

Table 4.9 Objective function values for the original and optimized models, with results given 

for each experiment type 
 Original model Optimized model 

Objective function value E 5.07 3.57 

Sum of partial objective function values Ei 

belonging to the H-ARAS measurements 
3.54 2.35 

Sum of partial objective function values Ei 

belonging to the I-ARAS measurements 
1.17 1.14 

Sum of partial objective function value Ei 

belonging to the direct measurements 
0.36 0.08 
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The joint covariance matrix of the determined rate parameters was also calculated and it 

could be shown that all rate coefficients were determined with a larger accuracy than it could 

be based on previous direct determinations. Figure 4.6 shows the initial and optimized values 

of the rate coefficients, the uncertainty limits of the optimized values and several direct rate 

coefficient determinations from the literature. 

0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0

-6

-4

-2

0

2

4

6

8

10

6

5

4

3

2

1

 

 

lo
g

(k
 /
 s

-1
)

1000 T 
-1
 / K

-1

0.6 0.8 1.0 1.2 1.4 1.6

-6

-4

-2

0

2

4

6

8

5

4
3

1

2

 

 

lo
g

(k
 /
 s

-1
)

1000 T 
-1
 / K

-1

 

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5

13.0

13.2

13.4

13.6

13.8

13

5

10

11

12

9

 

 

lo
g

(k
 /
 c

m
3
 m

o
l-1

 s
-1
)

1000 T 
-1
 / K

-1

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5

11.0

11.5

12.0

12.5

13.0

13.5

14.0

14.5

14

6

 

 

lo
g

(k
 /
 c

m
3
 m

o
l-1

 s
-1
)

1000 T 
-1
 / K

-1

 
Figure 4.6 Arrhenius plot for reactions R1, R3, R4, and R5. The rate coefficient expressions 

determined in this work are plotted with thick red lines and the corresponding uncertainty 

limits are given with blue dotted lines. The uncertainty limits are indicated only in the 

temperature range of our measurements (960 K – 1400 K). The numbered thin lines show 

previously published rate coefficients: (1) Kumaran et al. [87] (p = 0.1 – 0.7 bar); (2) Yang 

and Conway [88] (p = 0.02 bar); (3) Shilov et al. [89]; (4) Ogg [90] (p = 0.2 bar); (5) Sullivan 

[Sullivan, 1959 #1232] (p = 0.2 bar); (6) Yang and Tranter [91] (p = 0.07 – 0.16 bar; plotted 

values are the high pressure extrapolation); (7) Benson and Bose [92] (p = 0.08 – 0.25 bar); 

(8) Butler and Polanyi [93] (p = 0.002 – 0.017 bar); (9) Michael et al. [85]; (10) Vasileiadis 

and Benson [86]; (11) Baulch et al. [94]; (12) Lorenz et al. [95]; (13) Sullivan [96]; (14) Yuan 

et al. [97] 
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The branching ratio of reactions C2H5I = C2H5 + I and C2H5I = C2H4 + HI is of particular 

interest, as it shows the ratio of produced hydrogen atoms to the ethyl iodide molecules. This 

is due to the C2H5 radical decomposing into C2H4 and H at a very fast rate. The uncertainty of 

this branching ratio was also be determined, taking into account the temperature dependent 

uncertainty and correlation of the rate coefficients of the two branching reactions. 

It could be obtained higher accuracy than previous determinations and the results are 

shown in Figure 4.7. During the calculation of the uncertainty of the branching ratio the 

temperature dependent uncertainty and correlation of the rate coefficients were taken into 

account. The branching ratio and its uncertainty has been utilized by Fassheber et al. [98] in 

evaluating their shock tube experiments in investigating the NCN + H reaction, in which 

ethyl-iodide was used as a H-atom precursor. 

 
Figure 4.7 Branching ratio of the C2H5I = C2H5 + I and C2H5I = C2H4 + HI reactions, based 

on the optimized values of the rate coefficients. The dashed lines show the 3σ uncertainty 

limits. The shaded areas show the uncertainty ranges of the reported branching ratios in the 

corresponding temperature region: (1) 0.92 ± 0.06, Miyoshi et al. [99] (T = 950–1400 K ,p = 

0.6–1.9 bar); (2) higher than 0.87, Yang and Tranter [91] (T = 1100–1800 K, p = 0.07–0.16 

0bar); (3) 0.87 ± 0.11, Kumaran et al. [87] (T = 950–2050 K, p = 0.1–0.7 bar); and (4) 0.7 ± 

0.1, Weber et al. [100] (T = 770–1200 K, p = 1.5 bar).  



98 

 

4.3.2. High pressure oxidation and pyrolysis of ethane 

Tranter et al. conducted a series of experiments of ethane oxidation and pyrolysis covering 

a wide range of temperature (800 K – 1500 K) and pressure (40 bar – 1000 bar) in a high 

pressure shock tube [101-103]. The gas mixture behind the reflected shock wave was sampled 

after quenching, and the reaction products were measured using gas chromatography. The 

results of these experiments were re-evaluated by optimizing selected rate parameters of the 

NUIG C5 v49 combustion mechanism [62] updated with our previously optimized H2/CO 

combustion mechanism [A5], and published in [A6]. The rate parameters of 14 reactions were 

selected based on sensitivity analysis and preliminary uncertainty estimations for 

optimization. The rate parameters of the selected reaction steps were optimized using not only 

the experimental data of Tranter et al., but also the results of direct measurements and 

theoretical determinations related to these reaction. 

The experimental conditions of the pyrolysis and oxidation experiments are given in 

Tables 4.10 and 4.11. A small number of data carried out at relatively low pressure (5 bar) 

and fuel rich conditions were not utilized here. Based on discussions with the authors the 

measurements carried out at these conditions were less accurate than others as the 

experimental facility was best suited for very high pressure experiments. 

 

Table 4.10 Summary of the experimental conditions of the ethane pyrolysis experiments of 

Tranter et al. , and the measured species. 

Pyrolysis experiments 

p / bar T / K Measured species 

340 996–1400 C2H6, C2H4, C2H2 

613 1040–1401 C2H6, C2H4, C2H2 

1000 1186–1425 C2H6, C2H4, C2H2, CH4 

 

Table 4.11 Summary of the experimental conditions of the ethane oxidation experiments of 

Tranter et al., and the measured species. 

Oxidation experiments 

p / bar T / K φ Measured species 

40 829–1383 1 C2H6, C2H4, C2H2, CO 

340 1056–1435 1 C2H6, C2H4, C2H2, CO, CH2O 

613 1083–1470 1 C2H6, C2H4, C2H2, CO 

1000 1157–1361 1 C2H6, C2H4, C2H2, CO 

 



99 

 

Sensitivity analysis was carried out at the conditions of the experiments and rate 

parameters of 14 reactions were selected for optimization. Several direct measurements and 

theoretical studies were also collected and used as optimization targets. The direct 

experimental data are listed in Table 4.12. 

 

Table 4.12 List of direct measurements used as optimization targets 

Reaction Authors Ref T / K p / bar 

CH2O + OH = H2O + HCO Vasudevan et al. [104] 934–1670 1.33–2.13 

CH3 + HO2 = CH3O + OH Hong et al. [105] 1054–1249 3.30–3.82 

CH3 + CH3 + M = C2H6 + M Du et al. [106] 1175–1742 1.14–2.47 

CH3 + CH3 + M = C2H6 + M Hwang et al. [107] 1174–1649 9.80–238 

C2H6 + H = C2H5 + H2 Bryukov et al. [108] 467–826 (2.53–10.7)∙10–3 

C2H6 + H = C2H5 + H2 Cao and Back [109] 876–1016 (6.67–16.7)∙10–2 

C2H4 + OH = C2H3 + H2O Tully [110] 651–900 not reported 

C2H4 + OH = C2H3 + H2O 
Bhargava and 

Westmoreland 
[111] 1450–1743 2.67∙10–2 

C2H6 + OH = C2H5 + H2O Ancia et al. [112] 1527–1809 (2.00–2.67)∙10–2 

C2H6 + OH = C2H5 + H2O Tully et al. [113] 297–800 0.133 

C2H6 + OH = C2H5 + H2O 
Krasnoperov  

and Michael 
[114] 822–1367 0.172–0.687 

 

The obtained mechanism with the optimized rate parameters described the experiments of 

Tranter et al. much better than the original mechanism, and the GRI 3.0 mechanism [24] 

which was used by Tranter et al. for the simulation of their experiments. Figure 4.8 contains 

examples of measured and simulated concentration profiles. These figures demonstrate that 

some previously problematic cases, such as the description of the C2H2 profiles could be 

greatly improved, while the performance at those areas that the other mechanisms worked 

well, such as the description of the C2H6 profiles, remained good.  
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Figure 4.8 Experimental and simulated concentration profiles for various species at 

different conditions. The black squares denote the experimental results of Tranter et al. The 

simulation results of the optimized, the NUIG C5 v49 [62], and the GRI 3.0 [24] models are 

indicated by solid, dashed and dash–dotted lines, respectively. The experimental conditions 

are defined on each figure. 

 

New rate coefficient expressions were obtained for the 14 reactions with temperature 

dependent uncertainties, recommended for the temperature and pressure ranges above. The 

results are shown in Table 4.9, and some of the determined rate coefficients are shown in 
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Figure 4.9. Most rate coefficients could be determined with good accuracy, indicated by 

narrow range of uncertainty in the whole region of combustion temperatures. In other cases 

the rate coefficients are sensitive in a smaller range of temperature and therefore the 

uncertainty band is narrow only in this temperature range. As an example, for reaction 

C2H2+O2 = HCCO+OH the rate coefficient could be determined with acceptable 

uncertainty only in the very narrow temperature range of 1300–1500 K. Narrow uncertainty 

ranges were obtained at all temperatures for those reactions where direct measurements and 

theoretical determinations were used as optimization targets both above and below the 

temperature range of the experiments of Tranter et al., such as reaction  

C2H6+OH = C2H5+H2O and reaction C2H4+OH = C2H3+H2O. 

 

Table 4.9. List of reactions optimized based on the experiments of Tranter et al. and the 

optimized rate parameters. Reaction numbers refer to order of reactions in the NUIG C5 

v49 mechanism. Units are cm3, mol, s, K. HPL stands for high pressure limit. 

Reaction 

number 
Reaction A n E/R 

R43 CH2O+OH = HCO+H2O 2.22∙109 1.291 14 

R98 HPL CH3+H = CH4 8.16∙108 1.764 –605 

R109 CH3+HO2 = CH3O+OH 5.43∙103 2.567 –2699 

R151 HPL 2 CH3 = C2H6 5.24∙1017 –1.358 602 

R152 HPL C2H5+H = C2H6 1.13∙1014 –0.009 –22 

R153 C2H6+H = C2H5+H2 3.16∙107 1.914 3045 

R155 C2H6+OH = C2H5+H2O 7.90∙105 2.316 335 

R157 C2H6+CH3 = C2H5+CH4 1.50∙10–1 4.262 4226 

R158 C2H6+HO2 = C2H5+H2O2 6.54∙101 3.278 7377 

R163 HPL C2H4+H = C2H5 5.80∙1020 –2.002 2800 

R248 C2H4+H = C2H3+H2 5.88∙107 1.900 6244 

R251 C2H4+OH = C2H3+H2O 1.13∙100 3.921 –282 

R266 C2H3+O2 = CH2CHO+O 9.02∙1012 0.168 2997 

R271 C2H2+O2 = HCCO+OH 2.95∙1019 –1.500 18129 
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Figure 4.10 Arrhenius plots for the rate coefficients of reactions C2H6+OH = C2H5+H2O , 

C2H2+O2 = HCCO+OH , C2H4+OH = C2H3+H2O and 2CH3 = C2H6 . The blue lines indicate 

the initial mean rate coefficient expressions (solid) and the prior uncertainty limits (dashed). 

The red lines show the optimized rate coefficient expressions (solid) and the posterior 

uncertainty limits (dashed). The black solid lines represent the rate coefficient expression 

from the NUIG C5 mechanism. The black and green symbols show the direct measurements 

and theoretical calculations used as optimization targets, respectively [104, 110, 111, 115-

119]. 

All uncertainty limits correspond to 3σ(log10 k). 
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5. Summary 

A method for the optimization of detailed reaction mechanisms has been presented. The 

method involves global optimization of the kinetic parameters of combustion models against 

an extensive set of direct and indirect experimental data. Unlike most other similar 

optimization methods, all Arrhenius parameters (A, n and E) expressing the rate coefficients 

of important reactions are optimized instead of A-factors only. Also, the uncertainty of the 

model is expressed through the covariance matrix of the fitted Arrhenius parameters which 

allows for a temperature dependent description of the uncertainty of rate coefficients. The 

method has been published in [A1]. I have primarily contributed to the development of the 

method with the creation MATLAB and C++ codes that implement this new optimization 

method. 

The method has been shown to produce models that can describe the available 

experimental data better than any other previously published mechanism, including 

mechanisms developed based on optimization techniques. The main reasons for this better 

performance are the optimization of the temperature dependence of the rate coefficients and 

the extensive collection of optimization targets that covered a very wide range of 

experimental conditions. The use of direct experiments as optimization targets also 

constrained the rate coefficients to be physically meaningful at all conditions where data was 

available.  

A model of hydrogen combustion has been optimized to an extensive set of experimental 

data [A3], and was shown to be the best at reproducing the available experimental data among 

all hydrogen combustion mechanisms published in the last decade. A joint hydrogen/syngas 

combustion mechanism was also created using this optimization methodology [A5] and 

similarly good results were achieved in comparison to previously published mechanisms. In 

both cases the covariance matrix of the optimized Arrhenius parameters was determined, and 

from this the temperature dependent uncertainty of the optimized rate coefficients was 

calculated. The large amount of experimental data that has been collected for these studies has 

been published online on the ReSpecTh website [A4] where it is publically available. 

The method has also been applied to smaller sets of experimental data covering a limited 

set of experimental conditions. Optimization of ethyl-iodide pyrolysis [A2], cyclohexane and 

1-hexene pyrolysis [B1] and ethane combustion mechanisms [A6] have also been carried out. 
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In these studies the optimization method was used as a means of reinterpreting previously 

published experimental data, together with relevant direct measurements. These studies 

provided a more rigorous evaluation of the utilized experimental data, providing better insight 

into chemical systems and quantification of the uncertainty of the determined rate 

coefficients. 

Based on the above characteristics of the optimization method, the optimized models along 

with the covariance matrices of the optimized parameters can be considered the best 

representation of the information that can be extracted from the experimental data that was 

utilized. The most important assumption is that the models are complete in terms of species 

and reactions and only the parameters of the model are uncertain. In the case of the hydrogen 

and syngas combustion models this is believed to be true due to the relatively simplicity of the 

species and the large number of studies carried out on this system. However, this does not 

mean that the results presented in the present work should be considered final as both more 

accurate experimental studies and more advanced theoretical insight into the dynamics of the 

involved reactions could present new information that we currently cannot account for. 
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6. Thesis points  

1. I have created a new XML-based data format for storing combustion experimental data, 

called the ReSpecTh Kinetics Data Format. The format was based on the PrIMe 

experimental data format, but it was extended in several ways and an unambiguous 

specification regarding how experimental data should be stored using this format, and 

what constitutes a complete description of an experiment were also provided. It can be 

used to describe all commonly used experiment types in combustion and direct rate 

coefficient determinations. The format specification and a large number of data files 

related to hydrogen, syngas, methanol and ethanol combustion have been made publicly 

available on the ReSpecTh website (www.respecth.hu). 

2. I have created a computer program called Optima++ that can be used for interpreting 

experimental data stored in ReSpecTh format datafiles and performing simulations of 

these experiments using CHEMKIN format mechanisms. It is also capable of performing 

local sensitivity analysis, creating response surfaces and applicable for using the chemical 

kinetic optimization method developed at the ELTE Chemical Kinetics Laboratory. 

The Optima++ code was released as an open source software and is freely available from 

the ReSpecTh website. 

3. I have developed a kinetic reaction mechanism for the description of the gas phase 

combustion of hydrogen using the optimization methodology elaborated at the ELTE 

Chemical Kinetics Laboratory. An extensive set of indirect experimental data was 

collected including ignition delay, laminar burning velocity and concentration profile 

measurements. The Kéromnès mechanism (Kéromnès et al., Combust. Flame, 160, 995–

1011 (2013)) was selected as the starting point of the optimization and local sensitivity 

analysis was carried out at the conditions of the experimental data points. The rate 

parameters of 11 elementary reactions were selected for optimization. These rate 

parameters included 30 Arrhenius parameters (A, n and E) and 3 third body collider 

efficiencies. Direct rate coefficient measurements were also collected for these reactions 

and used as optimization targets. 

After optimizing the selected rate parameters against the collected set of indirect and 

direct experimental data, the covariance matrix of the fitted parameters and the 

temperature dependent uncertainty of the rate coefficients were determined. In most 

cases, rate coefficients could be determined with higher accuracy than reported in recent 
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review articles. The simulation results of the optimized mechanism at the conditions of 

the experimental data were also compared to 13 previously published hydrogen 

combustion mechanisms. It was found that our optimized mechanism gives the best 

overall reproduction of the experimental results. 

4. I have developed a joint hydrogen and syngas combustion mechanism, based on the 

Kéromnès mechanism (Kéromnès et al., Combust. Flame, 160, 995–1011 (2013)) and the 

hydrogen combustion mechanism described in the previous thesis point. A large set of 

experimental data was collected related to syngas combustion. Local sensitivity analysis 

was carried out to identify the rate parameters that can be optimized based on the joint set 

of experimental data related to hydrogen and syngas combustion. The rate parameters of 

18 elementary reactions were selected for the optimization, which included all reactions 

that have been optimized at the development of the optimized hydrogen combustion 

mechanism. Direct rate coefficient measurements were collected for the newly selected 

reactions and also used as optimization targets. Altogether 48 Arrhenius parameters and 5 

third body collider efficiency parameters were optimized against the joint set of indirect 

and direct experimental data. The optimized mechanism was compared to 19 syngas 

combustion mechanisms and was shown to provide the best reproduction of the 

experimental data related to syngas combustion. It provided slightly worse results for 

hydrogen combustion than the previously optimized hydrogen combustion mechanism, 

but was overall better than all other mechanisms. The temperature dependent 

uncertainties of the rate coefficients of the optimized reactions were also calculated. The 

optimized rate coefficients and uncertainties were consistent with the results obtained 

during the optimization of the hydrogen mechanism. 

5. I have carried out a re-evaluation of the shock tube measurements of Bentz et al. (Bentz et 

al., Zeitschrift für Physikalische Chemie, 225, 1117–1128 (2011)) related to low 

temperature gas phase ethyl-iodide pyrolysis. I have optimized the rate parameters of 4 

elementary reactions of the 5-step mechanism devised by Bentz et al., based on their H-

ARAS and I-ARAS measurements, and also the direct rate coefficient measurements 

related to the H+I2=HI+I elementary reaction. The optimized mechanism gave a better 

reproduction of the H- and I-ARAS measurements than the mechanism of Bentz et al. 

The covariance matrix of the fitted parameters was also determined, which could be used 

to determine the temperature-dependent uncertainty of the rate coefficients of the 

optimized reactions. I used the obtained rate coefficients and their uncertainty to 
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determine of the branching ratio of the C2H5I=C2H5+I and C2H5I=C2H4+HI reactions with 

approximately 5% accuracy in the temperature range of 900–1400 K. This branching ratio 

is an important input parameter at the evaluation of all shock tube measurements, where 

ethyl-iodide is used as an H-atom precursor. 

6. I have re-evaluated the high pressure shock tube experiments for the investigation of 

ethane oxidation and pyrolysis by Tranter et al. (Tranter et al., Phys. Chem. Chem. Phys., 

4. 2001–2010 (2002); Tranter et al., Proc. Combust. Inst., 29, 1267–1276 (2002);  

Tranter et al., Int. J. Chem. Kinet., 37, 306–331 (2005)) using the previously described 

optimization methodology. The concentrations of stable products were measured using 

gas chromatography behind reflected shockwaves. The rate parameters of 14 reactions 

were selected for optimization, based on sensitivity analysis and preliminary uncertainty 

estimations carried out at the conditions of the experiments. The rate parameters of the 

selected reaction steps were optimized using not only the experimental data of Tranter et 

al., but also the results of related direct measurements and theoretical determinations. 

After optimizing these rate parameters, new rate coefficient expressions were obtained for 

the 14 reactions with temperature dependent uncertainties. Most rate coefficients could be 

determined with good accuracy, indicated by narrow range of uncertainty in the whole 

region of combustion temperatures. In the case of some reactions, the rate coefficient 

could be determined with acceptable uncertainty only in the very narrow temperature 

range of the Tranter et al. experiments. 
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Appendix A 

A.1 Experimental data utilized 

Appendix A contains the tables of the experimental data that were collected as of the 

optimization study of a hydrogen mechanism, described in Section 4.1. Datasets that were 

excluded from the optimization and comparison of the performance of mechanisms are 

marked with a grey background. The tables contain the identifier assigned to the dataset the 

number of datapoints in the dataset, the assigned experimental scatters and indicative 

experimental conditions relevant to the experiment types. 

Table A1 

Ignition time measurements of hydrogenoxygen mixtures in shock tubes. Experimental 

conditions refer to the state of the investigated gas mixture behind the reflected shockwave. 

ID [.xml] Ni [%] Diluents φ p / atm T / K 

Chaumeix et al. (2007) [120] 

g00000001 7 12 Ar 1 2.05 1181-1343 

g00000002 5 10 Ar 0.75 2.1 1184-1359 

g00000003 5 10 Ar 0.39 2.18 1164-1519 

Pang et al. (2009) [3] 

g00000007 33 19 Ar 1 3.37-3.71 924-1118 

g00000008 13 18 Ar 0.42 3-3.5 906-1049 

Herzler and Naumann (2009) [121]  

g00000009 10 12 Ar 0.5 1.02-1.1 923-1027 

g00000010 8 17 Ar 0.5 3.78-4.09 958-1035 

g00000011 12  10 Ar 0.5 15.13-16.37 1018-1121 

g00000012 15 10 Ar 1 0.87-1.13 918-1718 

g00000013 13 10 Ar 1 3.82-4.12 962-1160 

g00000014 9 10 Ar 1 14.64-19.27 1015-1238 

Petersen et al. (1996) [122]  

x00000065 14 10 Ar 1 33 1648-1855 

x00000066 8 39 Ar 1 33 1189-1300 

x00000067 17  26 Ar 1 57 1655-1930 

x00000068 7  10 Ar 0.99 64 1684-1779 

x00000069 16 18 Ar 1 64 1361-1876 

x00000070 3 18 Ar 1 64 1279-1334 

x00000071 6 10 Ar 1 87 1701-1715 

Cheng and Oppenheim (1984) [123] 

x00000356 57 24 Ar 1 1.35-2.90 1012-1427 

x10000019 55 19 Ar 0.5 1.06-2.84 1004-1397 

Cohen and Larsen(1967) [124] 

x00000357 22 27 Ar 1 0.25-1.44 941-1583 

Skinner and Ringrose (1965) [125] 

x10000001 7  21 Ar 2 5 964-1075 

Schott and Kinsey (1958) [126] 

x10000002 17 33 Ar 0.25 0.74-1.99 1086-1836 
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Slack (1977) [127] 

x10000005 16  17 N2 1 2 984-1184 

Fujimoto and Suzuki (1967) [128] 

x10000006 16 10 Ar 1 0.90-2.01 835-1335 

x10000007 17  10 Ar 1 1.89-2.74 890-1076 

Petersen et al. (2003) [129] 

x10000008 24  10 Ar 1 1 1009-1431 

x10000016 4  14 Ar 1.47 1 1111-1511 

x10000017 9  10 Ar 1.03 1 1181-1753 

Bhaskaranet al. (1973) [130] 

x10000020 14 10 N2 1 2.5 1038-1323 

Wang et al. (2003) [131] 

x10000021 10  22 N2/H2O 0.42 4 1051-1272 

x10000022 14  27 N2 0.42 4 955-1173 

x10000023 21  37 N2/H2O 0.42 4 1011-1239 

x10000024 12 14 N2/H2O 0.42 4 1075-1331 

x10000025 10  15 N2/H2O 0.42 9.5 1099-1252 

x10000026 11  10 N2/H2O 0.42 16 1049-1209 

Asaba et al. (1965) [132] 

x10000027 12  32 Ar 0.17 0.23-0.41 1428-2320 

x10000028 15  29 Ar 0.5 0.27-0.46 1602-2554 

x10000029 10  25 Ar 1.5 0.24-0.43 1480-2423 

Zhang et al. (2012) [133] 

x10000030 7 14 Ar 0.5 4.93 1024-1195 

x10000031 10 47 Ar 0.5 9.87 1035-1222 

x10000032 9 23 Ar 0.5 19.74 1011-1267 

Naumann et al. (2011) [134] 

x10001009 13 26 Ar 0.1 15.77-17.57 1037-1255 

x10001010 19 10 Ar 0.1 3.36-4.15 935-1360 

x10001011 19 12 Ar 0.1 0.73-1.32 939-2109 

x10001012 11 14 Ar 0.1 17.31-18.49 956-1178 

x10001013 9 15 Ar 0.1 4.07-4.48 932-1131 

x10001014 19 14 Ar 0.1 0.68-1.20 889-1675 

x10001015 16 10 Ar 3.99 14.01-16.38 947-1227 

x10001016 20 13 Ar 3.99 3.65-4.44 967-1463 

x10001017 26 17 Ar 3.99 0.91-1.35 943-2136 

x10001018 10 13 Ar 0.5 14.90-16.05 1060-1243 

x10001019 13 10 Ar 0.5 3.86-4.48 1006-1257 

x10001020 11 20 Ar 0.5 0.93-1.04 932-1954 
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Table A2 

Ignition time measurements of hydrogenoxygen mixtures in rapid compression machines 

(RCMs). The experimental conditions refer to the state of the investigated gas mixture after 

the end of compression.  

ID [.xml] Ni [%] Diluents φ p / atm T / K 

Kéromnès et al. (2013) [8] 

x4000001 16  13 Ar/N2 0.35 7.71-7.84 975-1017 

x4000002 35  14 Ar/N2 0.35 14.75-15.27 948-1010 

x4000003 27  17 Ar/N2 0.35 26.54-29.83 940-1002 

x4000004 17  12 Ar/N2 0.5 7.90-8.10 963-1012 

x4000005 10  10 Ar/N2 0.5 7.58-8.11 971-1014 

x4000006 15  17 Ar/N2 0.5 15.09-15.39 943-992 

x4000007 24 26 Ar/N2 0.5 29.39-30.16 897-997 

x4000008 10  36 Ar/N2 0.5 30.55-32.26 922-970 

x4000009 12  10 Ar/N2 0.5 14.62-14.82 1005-1056 

Das et al. (2012) [135] 

x4000011 4 13 N2 1 9.87 993-1041 

x4000012 8 14 N2 1 29.61 917-1029 

x4000013 7 17 N2 1 69.08 915-1010 

x4000014 5 12 N2/H2O 1 9.87 996-1048 

x4000015 8  10 N2/H2O 1 29.61 917-1023 

x4000016 7  17 N2/H2O 1 69.08 908-1000 

x4000017 6 26 N2/H2O 1 29.61 927-982 

x4000018 6  36 N2/H2O 1 69.08 914-976 

Mittal et al. (2013) [136] 

x4001002 5 13 Ar/N2 1 49.35 963-1044 

x4001007 6 14 Ar/N2 1 29.61 952-1047 

x4001012 6 17 Ar/N2 1 14.80 983-1066 
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Table A3 

Laminar flame speed measurements of hydrogenoxygen mixtures. Experimental conditions 

refer to the state of the unburnt gases. 

ID [.xml] Type1 Ni / cm s-1 Diluents φ p / atm T / K 

Koroll et al. (1993) [137] 

gal_fl_1 OPF 14  12.07 N2 0.15-5.56 1 298 

Bradley et al. (2007) [47] 

gal_fl_3 OPF 12 12.74 N2 0.30-1.00 1 365 

gal_fl_4 OPF 7 7.77 N2 0.40-1.00 5 365 

gal_fl_5 OPF 8 11.61 N2 0.30-1.00 10 365 

Taylor (1991) [138] 

x00000185 OPF 16 2.00 N2 0.41-3.45 1 296 

Takahashi et al. (1983) [139] 

x20000001 FCM 9 8.53 N2 0.93-4.38 1 298 

Tse et al. (2000) [48] 

x20000002 OPF 16  4.85 N2 0.45-4.02 1 298 

x20000006 OPF 10  3.23 He 0.59-2.52 1 298 

x20000007 OPF 11 3.66 He 0.60-3.50 3 298 

x20000008 OPF 10  5.15 He 0.50-3.50 5 298 

x20000009 OPF 6  8.25 He 0.84-2.00 10 298 

x20000010 OPF 6  4.63 He 0.85-2.00 15 298 

x20000011 OPF 6  4.26 He 0.84-2.00 20 298 

Aung et al. (1997) [140] 

x20000004 OPF 19  2.35 N2 0.30-5.00 1 298 

Iijima and Takeno (1986) [141] 

x20000005 OPF 7  9.07 N2 0.53-3.94 1 291 

Vagelopoulos et al. (1994) [142] 

x20000014 CTF 6  2.00 N2 0.30-0.55 1 298 

Egolfopoulos and Law (1990) [143] 

x20000022 CTF 22  3.10 N2 0.25-1.49 1 298 

x20000035 CTF 16  2.32 N2 0.15-0.60 1 298 

x20000036 CTF 8  2.00 N2 0.51-1.25 1 298 

x20000037 CTF 10  4.42 N2 0.80-2.20 1 298 

Hermanns et al. (2007) [14] 

x20000023 HFM 29  2.00 N2 0.80-3.30 1 298 

Lamoreux et al. (2003) [144] 

x20000025 OPF 15  4.19 N2 0.26-3.57 1 298 

Aung et al. (1998) [145] 

x20000026 OPF 8  2.00 N2 0.45-3.00 0.35 298 

x20000027 OPF 10  6.81 N2 0.45-4.00 0.5 298 

x20000028 OPF 10  5.90 N2 0.45-4.00 1 298 

x20000029 OPF 10  6.82 N2 0.45-4.00 2 298 

x20000030 OPF 10  6.86 N2 0.45-4.00 3 298 

x20000031 OPF 8  23.50 N2 0.45-4.00 4 298 

x20000032 OPF 10  2.00 N2 0.60-3.00 1 298 

x20000033 OPF 13  5.29 N2 0.50-4.00 1 298 

x20000034 OPF 12 2.32 N2 0.60-4.00 1 298 
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Kwon and Faeth (2001) [146] 

x20000038 OPF 9  4.42 N2 0.60-4.50 1 298 

x20000039a OPF 4  19.93 He 0.60 0.5-3.0 298 

x20000039b OPF 6  23.94 He 0.90-3.75 1 298 

x20000039c OPF 3  7.50 He 4.50 1-3 298 

x20000040a OPF 3  2.00 Ar 0.60 0.3-1.0 298 

x20000040b OPF 7  6.34 Ar 0.90-3.75 1 298 

x20000040c OPF 4  2.41 Ar 4.5 0.5-3.0 298 

x20000040d OPF 4  30.30 Ar 4.5 1 298 

x20000040e OPF 5  5.62 Ar 0.6 1 298 

Burke et al. (2010) [147] 

x20000041 OPF 6  4.57 He 0.85 1-25 295 

x20000042 OPF 3  9.52 He 1 1-10 295 

x20000043 OPF 6  3.57 He 1 1-25 295 

x20000044 OPF 6  2.40 He 1 1-25 295 

x20000045 OPF 5  5.31 He 1 1-20 295 

x20000046 OPF 5  2.00 Ar 2.5 1-20 295 

x20000047 OPF 6  2.47 Ar 2.5 1-25 295 

x20000048 OPF 6  2.13 Ar 2.5 1-25 295 

x20000049 OPF 2  4.00 Ar 2.5 1-5 295 

Tang et al. (2008) [148] 

x20000050 OPF 6  8.47 N2 0.60-1.60 1 298 

Hu et al. (2009) [149] 

x20000051 OPF 17  2.65 N2 0.60-4.50 1 298 

Huang et al. (2006) [150] 

x20000052 OPF 9  3.62 N2 0.60-1.40 1 298 

Burke et al. (2011) [151] 

x20000053 OPF 4  2.16 He 0.3 1-10 295 

x20000054 OPF 1  2.00 He 0.3 5 295 

x20000055 OPF 5  2.00 He 0.5 1-10 295 

x20000056 OPF 3  2.00 He 0.5 1-10 295 

x20000057 OPF 5  2.00 He 0.7 1-10 295 

x20000058 OPF 6  2.00 He 0.7 1-25 295 

x20000059 OPF 3  2.00 He 0.7 1-10 295 

Qiao et al. (2007) [152] 

x20000060 OPF 8  3.25 He/N2 1 1 298 

x20000061 OPF 12  2.00 Ar/N2 1 1 298 

x20000062 OPF 10  2.97 N2 1 1 298 

x20000064 OPF 11  5.45 Ar/N2 1.8 1 298 

x20000065 OPF 10  2.05 N2 1.8 1 298 

x20000067 OPF 11  3.87 N2 1 0.5 298 

Qin et al. (2000) [153] 

x20000070 FCM 11  10.78 N2 0.70-3.34 1 298 

x20000071 FCM 5  2.11 N2 1 0.99-1.39 298 

x20000072 FCM 7  7.63 N2 2 0.99-2.17 298 

x20000073 FCM 11  5.82 N2 3 0.99-3.44 298 
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Dong et al. (2009) [154] 

x20000074 FCM 18  7.52 N2 0.40-2.10 1 298 

Santner et al. 2013 [155] 

x20000075 OPF 3  3.64 He 0.85 1-10 393 

x20000076 OPF 7  2.00 He/H2O 0.85 2-10 393 

x20000077 OPF 4  4.36 He/H2O 0.85 1-4 393 
1 flame velocity measurement types: 

OPF outwardly propagating spherical flame method 

FCM flame cone method 

CTF counterflow twin-flame technique 

HFM heat flux burner method 
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Table A4 

Jet stirred reactor (JSR) measurements of hydrogenoxygen mixtures. Experimental 

conditions refer to the stationary state within the reactor. 

ID [.xml] Ni  Diluents φ p / atm T / K 

Le Cong and Dagaut (2009) [156] 

g00000001psr 20 
4.5E-4 (H2) 

3.1E-4 (H2O) 
N2 0.22 1 800-1050 

g00000002psr 16 
1.60E-3 (H2) 

5.20E-4 (H2O) 
N2 0.54 1 825-1000 

g00000003psr 16 
1.60E-3 (H2) 

1.60E-3 (H2O) 
N2 2.20 1 850-1025 

g00000004psr 24 
6.4E-4 (H2) 

2.6E-4 (H2O) 
N2 0.09 10 820-1150 

g00000005psr 9 
2.2E-4 (H2) 

9.1E-5 (H2O) 
N2 2.27 10 850-1150 

g00000006psr 16 
8.9E-4 (H2) 

3.2E-4 (O2) 
N2/H2O 0.23 1 886-1097 

g00000007psr 14 
8.7E-4 (H2) 

2.3E-4 (O2) 
N2/H2O 0.42 1 888-1026 

g00000008psr 16 
2.9E-4 (H2) 

6.9E-4 (O2) 
N2/H2O 1.13 1 850-1028 

g00000009psr 18 
4.2E-4 (H2) 

4.5E-4 (O2) 
N2/H2O 2.38 1 850-1049 
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Table A5 

Flow reactor measurements of hydrogenoxygen mixtures. Experimental conditions refer to 

the inlet conditions. 

ID [.xml] Ni
1  Diluents φ p / atm T / K 

Mueller et al. (1999) [9] 

x30000010  15 (57) 

6.80E-4 (H2) 

6.98E-4 (H2O) 

3.66E-4 (O2) 

N2 0.97 3.02 934 

x30000011  0 (15) 

4.54E-3 (H2) 

4.66E-3 (H2O) 

2.23E-3 (O2) 

N2 0.97 2.55 935 

x30000012 27 (51) 

6.33E-4 (H2) 

8.04E-4 (H2O) 

3.86E-4 (O2) 

N2 0.97 3.44 933 

x30000013 48 (57) 

2.13E-3 (H2) 

1.52E-4 (H2O) 

1.30E-3 (O2) 

N2 0.97 6.00 934 

x30000014 21 (30) 

4.97E-5(H2) 

4.55E-5 (H2O) 

2.66E-3 (O2) 

N2 0.50 0.30 880 

x30000015 4 (11) 1.03E-4 (H2) N2 0.74 0.60 897 

x30000016  4 (10) 1.94E-4 (H2) N2 0.33 0.60 896 

x30000017 0 (6) 5.10E-4 (H2) N2 0.97 2.55 935 

x30000018 7 (15) 6.20E-4 (H2) N2 0.33 2.50 943 

x30000019 13 (15) 1.16E-3 (H2) N2 0.97 15.70 914 

x30000020 7 (10) 3.16E-4 (H2) N2 0.27 15.70 914 

x30000021 0 (16) 1.15E-2 (H2) N2 0.29 6.50 884 

x30000022 10 (17) 5.86E-3 (H2) N2 0.29 6.50 889 

x30000023 12 (17) 1.52E-3 (H2) N2 0.30 6.50 906 

x30000024 10 (16) 3.68E-4 (H2) N2 0.30 6.50 914 

x30000025 7 (12) 1.60E-4 (H2) N2 0.30 6.50 934 

Yetter et al. (1991) [77] 

x30000026 3 (17) 
4.96E-4 (H2) 

1.33E-4 (O2) 
N2 0.28 1 910 

1 The numbers of experimental points listed are those measured between fuel depletion of 

90% and 10%. Numbers in parenthesis are the total number of experimental point in a dataset.  
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Table A6 

Direct measurements considered in the optimization. 

Authors ID [.xml] Reference 
Bath 

gas 

Number of 

datapoints 
(lnk) 

 

R1 H+O2 =O + OH 

Masten et al. (1990) k00000001 [157] Ar 30 0.10 

Masten et al. (1990) k00000002 [157] Ar 14 0.24 

Du and Hessler (1992) k00000003 [158] Ar 11 0.10 

Yang et al. (1994) k00000004 [159] Ar 20 0.10 

Ryu et al. (1995) k00000005 [160] Ar 178 0.10 

Pirraglia et al. (1989) k00000008 [161] Ar 159 0.19 

Shin and Michael (1991) k00000009 [162] Ar 124 0.27 

Hwang et al.(2005) k00000012 [163] Ar 189 0.10 

Hong et al. (2011) k00000050 [164] Ar 20 0.07 

R2 O + H2 = H + OH 

Sutherland et al. (1986) k00000018 [165] Ar 155 0.15 

Ryu et al. (1995) k00000019 [166] Ar 50 0.10 

Davidson and Hanson (1990) k00000020 [167] Ar 13 0.10 

Presser and Gordon (1985) k00000021 [168] Ar 9 0.10 

Light and Matsumoto (1980) k00000022 [169] Ar 22 0.17 

Javoy et al. (2000) k00000035 [170] Ar 29 0.10 

Natarajan et al. (1987) k00000036 [171] Ar 37 0.10 

Natarajan et al. (1987) k00000037 [171] Ar 11 0.10 

Sutherland et al. (1986) k00000038  [165] Ar 112 0.13 

Sutherland et al. (1986) k00000039  [165] Ar 46 0.10 

Yang et al. (1993) k00000057 [172] Ar 9 0.15 

R3 OH + H2 = H + H2O 

Michael and Sutherland (1988) k00000023 [173] Ar 105 0.21 

Oldenborg et al. (1992) k00000024 [174] Ar 20 0.10 

Davidson (1988) k00000025 [175] Ar 19 0.20 

Frank and Just (1985) k00000026 [176] Ar 19 0.12 

Ravishankara et al. (1981) k00000027 [177] Ar 10 0.10 

Tully and Ravishankara (1980) k00000028 [178] Ar 8 0.10 

Lam et al. (2013) k00000060 [179] Ar 21 0.10 

R8 H + OH + M = H2O + M 

Halstead and Jenkins (1969) k00000070 [180] N2 2 0.10 

Halstead and Jenkins (1969) k00000071 [180] H2 2 0.10 

Halstead and Jenkins (1969) k00000072 [180] Ar 2 0.10 
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R9 H + O2 + M = HO2 +M 

Mueller et al. (1998) k00000006 [181] N2 6 0.10 

Mueller et al. (1998) k00000007 [181] Ar 4 0.10 

Ashman and Haynes (1998) k00000010 [182] Ar 7 0.10 

Ashman and Haynes (1998) k00000011 [182] N2 10 0.10 

Getzinger and Schott (1965) k00000013 [183] Ar 96 0.15 

Getzinger and Blair (1969) k00000014 [184] N2 10 0.12 

Blair and Getzinger (1970) k00000015 [185] Ar 26 0.42 

Michael et al. (2002) k00000016 [186] N2 14 0.10 

Michael et al. (2002) k00000017 [186] Ar 19 0.10 

Gay and Pratt (1971) k00000081 [187] Ar 2 0.20 

R10 HO2+ H= H2 + O2 

Michael et al. (2000) 
k00000034.

xml 
[188] Ar 28 0.44 

R13 HO2 + OH = H2O + O2 

Hippler et al. (1995) k00000041 [189] Ar 16 0.14 

Hong et al. (2010) k00000042 [190] Ar 11 0.10 

Hong et al. (2012) k00000052 [191] Ar 15 0.12 

Srinivasan et al. (2006) k00000083 [192] Ar 24 0.42 

R15 HO2 + HO2 = H2O2 + O2 

Hong et al. (2012) k00000053 [191] Ar 16 0.19 

Hippler et al. (1990) k00000061 [193] Ar 16 0.22 

Hippler et al. (1990) k00000062 [193] Ar 27 0.23 

Kappel et al. (2002) k00000063 [194] Ar 13 0.10 

R16 OH + OH + M = H2O2 + M 

Hong et al. (2009) k00000032 [195] Ar 40 0.10 

Hong et al. (2010) k00000033 [196] Ar 28 0.10 

Kappel et al. (2002) k00000045 [194] Ar 13 0.21 

Kappel et al. (2002) k00000046 [194] Ar 7 0.23 

Kappel et al. (2002) k00000047 [194] Ar 7 0.31 

Hong et al. (2012) k00000075 [105] Ar 18 0.10 

R18 H2O2 + H = H2 + HO2 

Baldwin et al. (1970) k00000064 [197] Ar 4 0.10 
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Appendix B 

B.1 Experimental data utilized 

Tables B1–B9 contain the summary of the indirect experimental data relevant to syngas 

combustion that were used as optimization targets and for comparison between mechanisms 

in the optimization study described in Sections 4.2. Note, that all data that were used for the 

optimization of the hydrogen combustion mechanism were also used here as optimization 

targets. The data contained in these tables are taken from the Supplementary Materials of Olm 

et al. [B2, B3], with the exception of Table B5, which contains data not used by Olm et al.  

Each row denotes a dataset for which an identifier string, the number of datapoints within the 

dataset, the assigned experimental error and the experimental conditions are given. The 

comment columns contain information on the exact source of the data, and additional 

information on the interpretation of the data if necessary. In cases where not all experimental 

data were used from a dataset, based on experimental considerations the number of datapoints 

used as optimization targets and in the comparison between mechanisms is given in 

parentheses. For laminar burning velocity measurements the experimental techniques are also 

given, which are the flame cone method (FCM), the outwardly propagating spherical flame 

method (OPF), the counterflow twin-flame technique (CTF), and the heat flux burner method 

(HFM). Datasets that were collected by Olm et al. [B2, B3] but were fully excluded are not 

listed in the following tables. 

Table B9 contains the summary of the direct experimental data that were used as optimization 

targets for the reactions that were not investigated in the optimization of the hydrogen 

combustion mechanism. 
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Table B1 Ignition delay time measurements of syngasoxygen mixtures in shock tubes 

ID [.xml] Ni  (lnτ) Diluents φ p / atm T / K 

Petersen et al. (2007) [198] 

x10001001 13(8)  0.18 N2/CO2 0.5 16.5–32.7 943–1148 

Naumann et al. (2011) [134] 

x10001022 15(14) 0.10 Ar 1 3.51–4.25 991–1934 

x10001023 22(17) 0.16 Ar 1 0.85–1.14 957–2374 

x10001025 23(19) 0.16 Ar 1 3.79–5.07 943–1364 

x10001026 23(18) 0.17 Ar 1 0.84–1.18 924–2220 

x10001028 16 0.24 Ar 0.5 3.68–4.56 1042–1824 

x10001029 13(11) 0.14 Ar 0.5 0.89–1.17 943–2246 

x10001030 15 0.14 Ar 0.5 15.06–17.16 1007–1249 

x10001031 26(23) 0.10 Ar 0.5 3.6–4.83 970–1418 

x10001032 37(26) 0.17 Ar 0.5 0.82–1.12 882–2031 

Kalitan et al. (2007) [199] 

x10001033 19(10) 0.12 N2 0.5 0.9–1.2 916–1151 

x10001034 9(6) 0.18 N2 0.5 1.0–1.1 914–1241 

x10001035 14(10) 0.16 N2 0.5 0.9–1.1 900–1169 

x10001036 14(7) 0.16 N2 0.5 1.1–1.2 934–1183 

x10001037 11(6) 0.22 N2 0.5 2.5–3.1 929–1063 

x10001038 6 0.15 N2 0.5 13.7–17.9 1015–1190 

x10001039 10(8) 0.10 N2 0.5 1.1–1.2 960–1197 

x10001040 12(10) 0.13 N2 0.5 2.1–2.7 981–1148 

x10001041 10 0.10 N2 0.5 11.9–17.1 1063–1265 

x10001042 18(14) 0.13 N2 0.5 1.0–1.2 968–1263 

x10001043 13(12) 0.10 N2 0.5 1.7–2.3 977–1304 

x10001044 8 0.25 N2 0.5 12.7–19.2 1074–1163 

Dean and Johnson (1980) [200] 

x10001049 9 0.10 Ar 1.65 1.2–1.9 2050–2810 

x10001050 9 0.10 Ar 1.65 1.2–1.9 2050–2810 

x10001051 13 0.10 Ar 6.11 1.4–2.2 2070–2869 

x10001052 13 0.10 Ar 6.11 1.4–2.2 2070–2869 

Herzler and Naumann (2008) [201] 

x10001053 7 0.10 Ar 0.5 14.31–16.68 1046–1132 

x10001054 5 0.10 Ar 0.5 15.49–16.19 1107–1206 

x10001055 5 0.10 Ar 0.5 15.69–16.19 1165–1259 

x10001056 5 0.18 Ar 0.5 13.92–15.59 1019–1097 

x10001057 7 0.15 Ar 0.5 15.10–15.79 1048–1128 

x10001058 6 0.10 Ar 0.5 15.30–15.69 1054–1140 
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Krejci et al. (2012) [75] 

x10001059 12(11) 0.10 Ar 0.5 1.48–1.79 982–1702 

x10001060 8 0.23 Ar 0.5 11.8–12.8 1096–1298 

x10001061 5 0.10 Ar 0.5 30.4–32.3 1180–1262 

x10001062 15(14) 0.10 Ar 0.5 1.38–1.86 991–2001 

x10001063 10 0.10 Ar 0.5 11.2–12.7 1098–1383 

x10001064 6 0.25 Ar 0.5 31.7–32.8 1174–1326 

x10001065 10 0.10 Ar 0.5 1.52–1.94 1017–1845 

x10001066 13 0.10 Ar 0.5 11.9–13.3 1092–1442 

x10001067 8 0.10 Ar 0.5 30.6–32.2 1143–1300 

x10001068 8 0.10 Ar 0.5 1.37–1.90 1057–1923 

x10001069 8 0.21 Ar 0.5 11.8–12.9 1097–1388 

x10001070 6 0.17 Ar 0.5 30.3–32.2 1179–1320 

x10001071 15 0.10 Ar 0.5 1.41–1.97 1026–1991 

x10001072 9(8) 0.10 Ar 0.5 11.0–13.0 1116–1388 

x10001073 6 0.23 Ar 0.5 30.2–32.3 1161–1329 

Thi et al. (2014) [7]  

x10001074 14 0.10 Ar 1 1.50–1.88 902–1161 

x10001075 11 0.13 Ar 1 9.10–9.98 1005–1264 

x10001076 9 0.21 Ar 1 17.24–20.36 1024–1183 

x10001077 11 0.10 Ar 1 1.73–1.95 896–1201 

x10001078 11 0.10 Ar 1 8.54–10.21 1012–1203 

x10001079 6 0.28 Ar 1 19.24–20.49 1049–1234 

x10001080 11 0.10 Ar/CO2 1 1.79–1.97 916–1200 

x10001081 10 0.10 Ar/CO2 1 8.17–10.22 1016–1258 

x10001082 9 0.14 Ar/CO2 1 19.26–20.48 1051–1239 

x10001083 12 0.10 Ar/N2 1 1.78–1.98 925–1150 

x10001084 11 0.10 Ar/N2 1 9.55–10.25 1023–1308 

x10001085 7 0.10 Ar/N2 1 19.42–20.53 1088–1244 
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Table B2 Ignition delay time measurements of hydrogenoxygen mixtures in rapid 

compression machines (RCM) 

ID [.xml] Ni  (lnτ) Dil-uents φ p / atm T / K 

Mittal et al. (2006) [202] 

x40001003 1 (5) 0.10 Ar/N2 1.0 49.35 964–1044 

x40001004 1 (5) 0.15 Ar/N2 1.0 49.35 964–1044 

x40001005 1 (4) 0.10 Ar/N2 1.0 49.35 984–1044 

x40001006 1 (4) 0.13 Ar/N2 1.0 49.35 984–1044 

x40001008 1 (5) 0.10 Ar/N2 1.0 29.61 979–1046 

x40001009 1 (5) 0.14 Ar/N2 1.0 29.61 979–1046 

x40001010 1 (4) 0.10 Ar/N2 1.0 29.61 994–1046 

x40001011 1 (4) 0.14 Ar/N2 1.0 29.61 994–1046 

x40001013 1 (5) 0.12 Ar/N2 1.0 14.8 977–1046 

x40001014 1 (5) 0.12 Ar/N2 1.0 14.8 977–1046 

x40001015 1 (4) 0.10 Ar/N2 1.0 14.8 994–1046 

x40001016 1 (4) 0.10 Ar/N2 1.0 14.8 994–1046 

Kéromnès et al. (2013) [8] 

x40001031 15 0.10 Ar/N2 0.35 7.8–7.9 989–1036 

x40001033 8 0.10 Ar/N2 0.35 29.3–30.1 952–977 

x40001034 14 0.11 Ar/N2 0.5 7.8–7.9 976–1030 

x40001035 21 0.10 Ar/N2 0.5 15.1–15.3 960–1033 

x40001036 15 0.23 Ar/N2 0.5 29.6–33.0 940–984 

x40001037 12 0.10 Ar/N2 0.5 15.5–15.6 1021–1062 

x40001039 18 0.10 Ar/N2 0.35 15.4–15.5 971–1028 

x40001040 15 0.18 Ar/N2 0.35 29.9–30.1 954–997 

x40001041 13 0.12 Ar/N2 0.5 8.0–8.1 978–1022 

x40001042 21 0.17 Ar/N2 0.5 15.2–15.3 951–1021 

x40001043 28 0.19 Ar/N2 0.5 29.5–30.8 933–990 

x40001045 12 0.16 Ar/N2 0.35 8.3–8.6 1018–1053 

x40001046 21 0.15 Ar/N2 0.35 15.5–16.0 986–1057 

x40001047 13 0.14 Ar/N2 0.35 29.2–31.2 971–1018 

x40001048 10 0.10 Ar/N2 0.5 8.5–8.6 1010–1045 

x40001049 21 0.10 Ar/N2 0.5 15.7–15.9 974–1045 

x40001050 10 0.16 Ar/N2 0.5 31.0–31.2 963–999 

x40001052 12 0.21 Ar/N2 0.35 14.9–15.0 1022–1057 

x40001053 12 0.15 Ar/N2 0.35 29.0–29.2 98–1042 

x40001055 20 0.13 Ar/N2 0.5 14.8–15.0 979–1049 

Mansfield and Wooldridge (2014) [203] 

x40001057 5 0.15 N2/Ar/CO2 0.1 13.0–16.6 1066–1145 

x40001059 2 0.15 N2/CO2 0.1 4.4–5.7 1012–1043 

x40001060 4 (3) 0.15 N2/CO2 0.1 2.4–3.0 992–1017 
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Table B3 Laminar flame speed measurements of syngasoxygen mixtures 

ID [.xml] Type Ni  / cm s-1 Diluents φ p / atm T / K 

Burke et al. (2010) [147] 

x20001001 OPF 6 6.52 Ar 2.5 1–25 295 

x20001003 OPF 6 9.23 CO2 2.5 1–25 295 

x20001004 OPF 6 16.17 CO2 2.5 1–25 295 

x20001005 OPF 6 15.33 CO2 2.5 1–25 295 

x20001006 OPF 6 27.48 CO2 2.5 1–25 295 

Das et al. (2011) [204] 

x20001007 CTF 5 2.00 N2/H2O 0.6 1 323 

x20001008 CTF 5 2.01 N2/H2O 0.7 1 323 

x20001009 CTF 5 2.00 N2/H2O 0.8 1 323 

x20001010 CTF 5 2.00 N2/H2O 0.9 1 323 

x20001013 CTF 5 2.00 N2/H2O 0.6 1 323 

x20001014 CTF 5 2.00 N2/H2O 0.4 1 323 

x20001015 CTF 5 2.00 N2/H2O 0.5 1 323 

x20001016 CTF 5 2.00 N2/H2O 0.6 1 323 

x20001017 CTF 5 2.00 N2/H2O 0.6 1 323 

x20001018 CTF 5 2.00 N2/H2O 0.6 1 323 

Sun et al. (2007) [66] 

x20001022 OPF 11 5.21 N2 0.6–4.0 1 298 

x20001023 OPF 12 2.69 N2 0.6–4.5 1 298 

x20001024 OPF 12 2.00 N2 0.6–4.5 1 298 

x20001025 OPF 10 3.33 He 0.8–3.5 5 298 

x20001026 OPF 12 2.70 He 0.6–4.0 10 298 

x20001027 OPF 10 3.87 He 0.8–3.5 5 298 

x20001028 OPF 12 2.10 He 0.8–4.0 10 298 

x20001029 OPF 9 2.00 He 0.5–3.5 20 298 

x20001030 OPF 8 2.00 He 1.2–3.5 5 298 

x20001031 OPF 10 2.26 He 0.8–3.5 10 298 

x20001032 OPF 9 2.00 He 1.0–3.5 20 298 

x20001033 OPF 7 2.00 He 1.2–3.0 40 298 

x20001137 OPF 9 2.00 N2 0.8–4.2 1 298 

x20001138 OPF 10 3.17 N2 0.6–4.0 2 298 

x20001139 OPF 12 2.11 N2 0.6–4.5 2 298 

x20001140 OPF 12 2.00 N2 0.6–4.5 2 298 
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Natarajan et al. (2009) [205] 

x20001034 FCM 9 3.12 He 0.6–1.2 10 300 

x20001035 FCM 12 2.00 N2 0.6–1.0 1 300 

x20001036 FCM 10 4.18 N2 0.6–1.0 1 400 

x20001037 FCM 7 9.28 N2 0.6–1.0 1 500 

x20001038 FCM 10 6.52 N2 0.6–1.0 1 600 

x20001040 FCM 13 3.76 He 0.6 15 600 

x20001041 FCM 6 2.33 He 0.8 15 300 

x20001042 FCM 5 2.34 He/CO2 0.75 15 600 

Prathap et al. (2008) [206] 

x20001043 OPF 9 3.79 N2 0.6–3.5 0.99 303 

x20001044 OPF 8 2.97 N2 0.6–3.0 0.99 303 

x20001045 OPF 7 3.11 N2 0.6–2.5 0.99 303 

x20001046 OPF 7 2.00 N2 0.6–1.8 0.99 303 

Bouvet et al. (2007) [207] 

x20001049 FCM 5 2.00 N2 0.7–0.9 1 298 

x20001050 FCM 7 2.00 N2 0.7–1.05 1 298 

x20001051 FCM 9 2.00 N2 0.6–1.0 1 298 

x20001052 FCM 8 2.00 N2 0.65–1.05 1 298 

x20001053 FCM 8 2.00 N2 0.65–1.1 1 298 

x20001054 FCM 8 2.00 N2 0.65–1.2 1 298 

x20001055 FCM 9 2.84 N2 0.6–1.2 1 298 

x20001056 FCM 4 2.00 N2 0.6–0.7 1 298 

x20001057 FCM 7 2.00 N2 0.6–0.85 1 298 

x20001058 FCM 8 2.00 N2 0.6–0.95 1 298 

x20001059 FCM 5 2.00 N2 0.9–1.15 1 298 

McLean et al. (1994) [208] 

x20001060 OPF 11 2.25 N2 0.6–4.4 1 300 

x20001061 OPF 20 2.00 N2 0.4–5.8 1 300 

Burbano et al. (2011) [209] 

x20001062 FCM 12 2.7 N2 0.7–4.3 0.95 303 

x20001063 FCM 13 4.63 N2 0.7–4.3 0.95 303 

x20001064 FCM 9 2.23 N2 0.8–3.8 0.95 303 

x20001065 FCM 11 2.48 N2 0.8–3.8 0.95 303 

x20001066 FCM 6 7.01 N2 1.2–2.8 0.95 303 

x20001067 FCM 11 2.42 N2/CO2 0.8–4.3 0.95 303 

x20001068 FCM 10 3.63 N2/CO2 0.8–3.4 0.95 303 
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Natarajan et al. (2007) [210] 

x20001069 FCM 12 2.00 N2 0.6–1.0 1 300 

x20001070 FCM 13 2.00 N2/CO2 0.6–1.0 1 300 

x20001071 FCM 13 2.00 N2 0.65–1.05 1 300 

x20001072 FCM 8 2.00 N2/CO2 0.7–1.0 1 300 

x20001074 FCM 14 2.00 N2/CO2 0.6–1.0 1 300 

x20001075 FCM 10 2.56 N2 0.5–0.8 1 700 

x20001076 FCM 10 2.06 N2 0.55–0.9 1 600 

x20001077 FCM 9 2.00 N2 0.6–0.95 1 500 

x20001078 FCM 10 2.00 N2 0.6–1.0 1 400 

x20001079 FCM 13 2.00 N2 0.65–1.05 1 300 

x20001080 FCM 11 5.23 N2/CO2 0.45–0.74 1 600 

x20001081 FCM 14 4.81 N2/CO2 0.5–0.9 1 500 

x20001082 FCM 12 2.74 N2/CO2 0.55–1.0 1 400 

x20001083 FCM 14 2.22 N2/CO2 0.6–1.05 1 300 

Bouvet et al. (2011) [76] 

x20001084 OPF 16 2.00 N2 0.4–5.0 1 295 

x20001085 OPF 14 2.00 N2 0.4–5.0 1 295 

Hassan et al. (1997) [211] 

x20001088 OPF 13 2.00 N2 0.6–5.0 1 298 

x20001089 OPF 13 3.66 N2 0.6–5.0 1 298 

x20001091 OPF 12 4.80 N2 0.6–4.5 1 298 

x20001105 OPF 11 2.18 N2/CO2 0.6–5.0 1 298 

x20001106 OPF 11 2.00 N2 0.8–4.5 0.5 298 

x20001107 OPF 12 2.00 N2 0.6–5.0 2 298 

x20001108 OPF 11 2.00 N2 0.6–5.0 4 298 

Ratna Kishore et al. (2011) [212] 

x20001092 HFM 5 2.00 N2 0.8–1.6 1 308 

x20001093 HFM 5 2.00 N2/CO2 1.0–2.0 1 303 

x20001094 HFM 7 2.00 N2/CO2 0.8–2.0 1 303 

x20001095 HFM 7 2.00 N2/CO2 0.8–2.0 1 303 

x20001096 HFM 7 2.00 N2/CO2 0.8–2.0 1 303 

x20001097 HFM 6 2.00 N2/CO2 0.8–1.8 1 303 

x20001098 HFM 6 2.00 N2/CO2 0.8–1.8 1 303 

x20001099 HFM 6 2.00 N2/CO2 0.8–1.8 1 303 

x20001100 HFM 1 2.00 N2/CO2 0.8 1 303 

x20001101 HFM 7 2.00 N2/CO2 0.8–2.0 1 303 

x20001102 HFM 7 2.00 N2/CO2 0.8–2.0 1 303 

Konnov et al. (2002) [213] 

x20001103 HFM 14 2.00 N2/CO2 0.8–2.3 1 298 

Huang et al. (2004) [214] 

x20001109 CTF 8 2.00 N2 0.7–1.4 1 298 
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Vagelopoulos and Egolfopoulos (1994) [215] 

x20001110 CTF 10 2.00 N2 0.6 1 298 

x20001111 CTF 7 2.00 N2 0.49 1 298 

x20001112 CTF 4 2.00 N2 0.39 1 298 

Jahn [216] (reprinted by Lewis and von Elbe (1961) [217]) 

x20001113 FCM 22 2.00 N2/H2O 0.3–6.7 1 298 

x20001114 FCM 16 2.00 N2/H2O 0.4–3.4 1 298 

x20001115 FCM 12 2.00 N2/H2O 0.3–4.0 1 298 

x20001116 FCM 18 2.00 N2/H2O 0.8–5.6 1 298 

x20001117 FCM 16 2.00 N2/H2O 1.1–6.6 1 298 

x20001118 FCM 12 2.00 N2/H2O 1.4–4.2 1 298 

x20001119 FCM 10 2.00 N2/H2O 1.6–4.5 1 298 

x20001120 FCM 7 2.00 N2/H2O 2.0–3.4 1 298 

x20001121 FCM 17 2.00 N2/H2O 0.3–4.3 1 298 

x20001122 FCM 12 2.00 N2/H2O 1.3–4.0 1 298 

x20001123 FCM 20 2.15 H2O 0.3–6.8 1 298 

x20001124 FCM 16 2.00 CO2/H2O 0.5–2.8 1 298 

x20001125 FCM 21 2.00 CO2/H2O 0.7–5.9 1 298 

x20001126 FCM 17 2.00 CO2/H2O 1.0–5.8 1 298 

x20001127 FCM 17 2.00 CO2/H2O 1.1–5.7 1 298 

x20001128 FCM 10 2.00 CO2/H2O 1.6–4.5 1 298 

Singh et al. (2012) [218] 

x20001129 OPF 5 13.11 N2 0.6–3.0 1 298 

x20001130 OPF 4 2.00 N2 0.8–3.0 1 298 

x20001131 OPF 5 3.11 N2 0.6–3.0 1 298 

x20001132 OPF 5 20.24 N2 0.6–3.0 1 500 

x20001133 OPF 5 19.37 N2 0.6–3.0 1 400 

x20001134 OPF 5 7.36 N2 0.6–3.0 1 298 

x20001135 OPF 4 2.69 N2/H2O 1.0 1 400 

x20001136 OPF 5 2.30 N2/H2O 1.0 1 400 

Scholte and Vagas (1959) [219] 

x20001142 FCM 7 3.13 N2 1.28–4.42 1 298 

x20001143 FCM 7 3.71 N2 1.28–4.42 1 298 

x20001144 FCM 7 4.86 N2 1.28–4.42 1 298 

x20001145 FCM 7 2.00 N2 1.28–4.42 1 298 

x20001146 FCM 7 2.08 N2 1.28–4.42 1 298 

x20001147 FCM 7 2.00 N2 1.28–4.42 1 298 

Krejci et al. (2012) [220] 

x20001151 OPF 19 2.00 N2/H2O 0.6–5.0 1 320–325 

x20001152 OPF 14 5.66 He 0.55–4.8 5 322–325 

x20001153 OPF 11 2.00 He/H2O 0.65–4.2 5 373–374 

x20001154 OPF 12 4.11 He/H2O 0.6–3.4 10 372–374 

x20001155 OPF 18 2.29 N2/H2O 0.6–5.0 1 422–423 

x20001156 OPF 13 4.95 He 0.6–5.0 10 422–424 
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Zhang et al. (2009) [221] 

x20001157 OPF 12 5.65 N2 0.6–4.0 0.99 310 

x20001158 OPF 11 5.80 N2 0.6–3.5 0.99 310 

x20001161 OPF 4 6.99 N2 0.8–1.4 0.99 310 

x20001162 OPF 11 7.00 N2/CO2 0.6–3.5 0.99 310 

x20001164 OPF 5 8.73 N2/CO2 0.8–1.6 0.99 310 

x20001165 OPF 3 7.97 N2/CO2 1.0–1.4 0.99 310 

x20001192 OPF 12 5.51 N2 0.6–4.0 0.99 360 

x20001193 OPF 12 7.99 N2 0.6–4.0 0.99 410 

x20001194 OPF 5 13.67 N2 2.0–4.0 2.47 310 

x20001195 OPF 3 10.04 N2 3.0–4.0 4.93 310 

Dong et al. (2009) [154] 

x20001167 FCM 15 2.15 N2 0.7–2.1 1 293 

x20001168 FCM 16 2.74 N2 0.6–2.1 1 293 

x20001169 FCM 16 5.14 N2 0.6–2.1 1 293 

x20001170 FCM 17 4.81 N2 0.5–2.1 1 293 

x20001171 FCM 17 2.82 N2 0.5–2.1 1 293 

x20001172 FCM 17 4.27 N2 0.5–2.1 1 293 

x20001173 FCM 17 5.78 N2 0.5–2.1 1 293 

x20001174 FCM 17 3.52 N2 0.5–2.1 1 293 

x20001175 FCM 17 6.65 N2 0.5–2.1 1 293 

Burke et al. (2007) [222] 

x20001176 OPF 9 3.17 N2 0.6–4.0 1 298 

x20001177 OPF 8 2.00 He 0.8–3.0 10 298 

x20001178 OPF 9 2.28 He 0.8–3.0 20 298 

x20001179 OPF 5 2.00 He/CO2 1 10 298 

Santner et al. (2013) [155] 

x20001180 OPF 3 12.22 He 0.85 1–10 393 

x20001181 OPF 5 2.82 He/H2O 0.85 1–10 393 

x20001182 OPF 4 7.19 He/H2O 0.85 1–6 393 

Lohöfener et al. (2012) [223] 

x20001183 HFM 12 2.00 N2 0.7–1.8 0.96 302 

x20001184 HFM 11 2.00 N2 0.9–1.9 0.96 298 

x20001188 HFM 11 2.00 N2/CO2 0.7–2.0 0.96 300 

x20001189 HFM 9 2.00 N2/CO2 0.7–1.5 0.97 300 

Weng et al. (2013) [224] 

x20001196 HFM 17 2.00 N2 0.6–5.6 1 298 

x20001197 HFM 9 2.00 N2 0.4–0.8 1 298 

x20001198 HFM 17 2.00 N2 0.7–2.3 1 298 
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Goswami et al. (2014) [225] 

x20001199 HFM 11 2.00 N2 0.6–0.8 1 298 

x20001200 HFM 9 2.00 He 0.7 1–5 298 

x20001201 HFM 7 2.00 N2 1 1–4 298 

x20001202 HFM 6 2.00 N2 0.7 1–3.5 298 

x20001203 HFM 9 2.00 He 0.6 1–9 298 

x20001204 HFM 7 2.00 N2 0.7 1–4 298 

Kim et al. (2010) [226] 

x20001206 OPF 8 2.18 N2 0.8–3.0 1 298 

x20001207 OPF 10 2.86 N2/CO2 0.8–5.0 1 298 

Wu et al. (2011) [227] 

x20001208 OPF 9 2.00 N2 1.40–1.59 1 293 

x20001209 OPF 16 2.00 N2 2 1 293 

x20001210 OPF 10 2.00 N2 2.76–3.19 1 293 

x20001211 OPF 8 2.00 He 3.36 20 293 

Voss et al. (2014) [228] 

x20001212 HFM 10 2.00 N2 0.6–1.5 ≈0.96 298 

x20001213 HFM 12 2.00 N2 0.6–1.5 ≈0.95 298 

x20001214 HFM 10 2.00 N2 0.6–1.5 ≈0.95 298 

x20001215 HFM 9 2.00 N2 0.7–1.5 ≈0.96 298 

x20001216 HFM 9 2.00 N2 1 ≈0.95 298 

x20001217 HFM 4 2.00 N2 1 ≈0.96 298 

Zhang et al. (2014) [229] 

x20001218 CTF 9 2.00 N2 0.4 1 298 

x20001219 CTF 9 2.00 N2 0.5 1 298 

x20001220 CTF 9 2.00 N2 0.6 1 298 

x20001221 CTF 6 2.79 N2 0.7 1 298 

Li et al. (2015) [53] 

x20001222 OPF 4 3.38 CO2 2.5 5–25 353 
 

Some measurements found in literature could not be modeled successfully due to convergence problems with the 

PREMIX solver, particularly at conditions where low flame velocities occur ([147] – Suppl. Mat. Table A1, Fig. 

10, full diamond, H2/CO=10/90; [152] – Fig. 3, Fig. 4, Fig. 6; [219] – data in: [230], Fig. 4; [154] – Fig. 6, black 

square; [223] – Fig. p. 13, Fig. p. 15). Some other measurements were not used, because all mechanisms showed 

a strong over-prediction with all mechanisms ([205] – Fig. 3, blue star). From the two repeated measurements of 

[213], only one was used (Fig. 1, cross, x20001103.xml). In total, these unconsidered measurements sum up to 

153 data points (equal to 7.2% of all collected flame velocity data points) in 15 datasets from 7 publications. 
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Table B4 Flow reactor concentration–time measurements of carbon monoxideoxygen 

mixtures 

ID [.xml] Ni  Diluents φ p / atm T / K 

Mueller et al. (1999) [231] 

x30001002 8 (20) 2.629E-4 (CO) N2/H2O 0.97 1 1038 

x30001003 4 (16) 1.544E-4 (CO) N2/H2O 1.01 2.4 1038 

x30001004 12 (21) 6.023E-4 (CO) N2/H2O 1.01 3.5 1038 

x30001005 10 (15) 9.900E-5 (CO) N2/H2O 1.01 9.6 1040 

Kim et al. (1994) [232] 

x30001006 8 (20) 1.000E-4 (CO) N2/H2O 1 1 1040 

x30001007 12 (21) 6.105E-4 (CO) N2/H2O 1 3.46 1040 

x30001008 13 (18) 1.000E-4 (CO) N2/H2O 1 9.6 1040 

x30001009 13 (18) 1.000E-4 (CO) N2/H2O 1 6.5 1040 

x30001010 4 (15) 2.605E-4 (CO) N2/H2O 1 2.45 1040 

x30001011 11 (18) 1.000E-4 (CO) N2/H2O 1 6.5 1030 

Linteris et al. (1991) [233] 

x30001026 

8 (18) 

8 (18) 

8 (18) 

2.282E-4 (CO) 

2.610E-4 (CO2) 

1.046E-4 (O2) 

N2/H2O 0.46 1 1115 

x30001027 12 (17) 1.036E-6 (OH) N2/H2O 0.47 1 989 

x30001028 7 (15) 2.301E-6 (OH) N2/H2O 0.46 1 1115 

Yetter et al. (1991) [233] 

x30001030 13 (15) 1.621E-6 (CO) N2/H2O 0.004 1 1074 

x30001031 4 (15) 5.152E-6 (CO) N2/H2O 0.013 1 1132 

x30001032 6 (15) 1.489E-6 (CO) N2/H2O 0.004 1 1130 

x30001033 7 (11) 4.686E-7 (CO) N2/H2O 0.001 1 1138 

x30001036 14 (14) 5.286E-5 (CO) N2/H2O 1.696 1 1042 

x30001040 15 (17) 1.251E-4 (CO) N2/H2O 0.024 1 1041 

x30001046 4 (15) 9.058E-5 (CO) N2/H2O 1.024 1 943 

x30001049 

17 (18) 

17 (18) 

17 (18) 

9.200E-5 (CO) 

8.125E-5 (CO2) 

4.050E-5 (O2) 

N2/H2O 1.438 1 1034 
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Table B5 Flow reactor outlet concentration measurements of hydrogenoxygen mixtures 

ID [.xml] Ni  Diluents φ p / atm T / K 

Hashemi et al. (2009) [11] 

x30000027 9 
1.5E-4 (H2) 

9.6E-5 (O2) 
N2 12.07 49.3 700–900 

x30000028 9 
1.8E-4 (H2) 

9.8E-5 (O2) 
N2 1.03 49.3 700–900 

x30000029 9 9.7E-5 (H2) N2 0.05 49.3 700–900 

x30000030 9 1.6E-4 (H2) N2 0.0009 49.3 700–900 
 

Table B6 Flow reactor outlet concentration measurements of carbon monoxideoxygen 

mixtures 

ID [.xml] Ni  Diluents φ p / atm T / K 

Glarborg et al. (1996) [234] 

x30001014 12 4.103E-5 (CO) N2/H2O 0.0061 1.05 910–1200 

x30001015 13 2.144E-5 (CO) N2/H2O 0.0056 1.05 882–1199 

Alzueta et al. (2001) [235] 

x30001016 10 9.406E-6 (CO) N2/H2O 0.0005 1.04 893–1201 

x30001017 14 7.454E-6 (CO) N2/H2O 0.0006 1.04 891–1220 

x30001018 11 1.291E-4 (CO) N2/H2O 3.03 1.04 875–1381 

x30001019 15 7.816E-5 (CO) N2/H2O 1.78 1.04 891–1295 

x30001020 15 2.723E-4 (CO) N2/H2O 1.25 1.04 785–1449 

x30001022 19 1.070E-6 (CO) N2/H2O 0.48 1.04 900–1430 
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Table B7 Shock tube outlet concentration measurements of syngasoxygen mixtures 

ID [.xml] Ni  Diluents φ p / atm T / K 

Sivaramakrishnan et al. (2007) [236] 

x50001001 

32 

32 

17 

8.250E-6 (CO) 

1.215E-5 (CO2) 

1.138E-5 (O2) 

Ar 0.95 21.0–29.7 995–1483 

x50001003 

24 

24 

24 

6.082E-6 (CO) 

5.308E-6 (CO2) 

7.096E-6 (O2) 

Ar 0.95 224.6–296.0 1109–1448 

x50001004 

16 

16 

16 

5.943E-6 (CO) 

8.152E-6 (CO2) 

9.742E-6 (O2) 

Ar 1.00 400.8–499.5 1128–1414 

x50001005 

23 

23 

21 

8.488E-6 (CO) 

1.215E-5 (CO2) 

1.285E-5 (O2) 

Ar 0.50 20.9–27.2 1044–1456 

x50001006 

21 

21 

19 

9.629E-6 (CO) 

1.096E-5 (CO2) 

1.086E-5 (O2) 

Ar 0.50 39.5–49.0 1069–1495 

x50001007 

18 

18 

18 

9.394E-6 (CO) 

1.461E-5 (CO2) 

1.040E-5 (O2) 

Ar 0.47 224.6–285.8 1157–1429 

 

Table B8 Jet-stirred reactor outlet concentration measurements of syngasoxygen mixtures 

ID [.xml] Ni  Diluents φ p / atm T / K 

Dagaut et al. (2003) [237] 

x00001001 

8 

8 

8 

6.761E-7 (H2) 

1.262E-5 (CO) 

4.345E-5 (CO2) 

N2 0.1 1 850–1200 

x00001002 

9 

9 

9 

1.002E-4 (H2) 

1.074E-4 (CO) 

6.300E-5 (CO2) 

N2 1.0 1 850–1400 
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Table B9 Direct measurements considered in the optimization 

Authors ID [.xml] Reference Bath gas 
Number of 

datapoints 
(lnk) 

R4 OH + OH = O + H2O 

Sutherland et al. (1990) k00000029 [238] Ar 104 0.20 

Lifshitz et al. (1990) k00000030 [239] He 64 0.17 

Wagner (1981) k00000031 [240] Ar 3 0.30 

Gardiner et al. (1972) k00000065 [241] Ar 2 0.30 

R5 H + H + M = H2 + M 

Gay et al. (1971) k00000078 [187] Ar 2 0.20 

R23 CO + O2 = CO2 + O 

Thielen et al. (1983) k50001001 [242] Ar 39 0.19 

R24 CO + OH = CO2 + H 

Wooldridge et al. (1994) k10001001 [243] Ar 44 0.10 

Westenberg et al. (1973) k10001002 [244] He 5 0.10 

Ravishankara et al. (1983) k10001003 [245] Ar 21 0.10 

Brabbs et al. (1970) k10001004 [246] Ar 15 0.29 

Golden et al. (1998) k10001005 [247] He 4 0.10 

Golden et al. (1998) k10001006 [247] He 5 0.10 

Golden et al. (1998) k10001007 [247] He 3 0.10 

Golden et al. (1998) k10001008 [247] He 2 0.10 

Golden et al. (1998) k10001009 [247] He 5 0.10 

Gardiner et al. (1973) k10001013 [241] Ar 2 0.20 

Wooldridge et al. (1996) k10001014 [248] Ar 48 0.10 

Vandooren et al. (1975) k10001015 [249] O2 27 0.10 

Peeters et al. (1972) k10001016 [250] Ar 10 0.10 

Eberius et al. (1973) k10001017 [251] O2 9 0.17 

Eberius et al. (1973) k10001018 [251] O2 8 0.10 

R26 HCO + M = H + CO + M 

Hippler et al. (2004) k20001008 [69] He 23 0.10 

Hippler et al. (2004) k20001009 [69] He 29 0.11 

Hippler et al. (2004) k20001010 [69] He 31 0.14 

Hippler et al. (2004) k20001011 [69] He 25 0.16 

Hippler et al. (2004) k20001012 [69] He 35 0.14 

Hippler et al. (2004) k20001013 [69] N2 8 0.17 

Krasnoperov et al. (2004) k20001014 [70] He 11 0.33 

Krasnoperov et al. (2004) k20001015 [70] He 8 0.10 

 

  



144 

 

B.2 Arrhenius plots of the optimized rate coefficients 

The figures below are the Arrhenius plots of the rate coefficients optimized in the syngas 

combustion mechanism described in Section 4.2. 

The Arrhenius plots show the optimized rate coefficients and their posterior uncertainties with 

red solid and dashed lines, respectively. The mean values and uncertainty limits of Nagy et al. 

are given with blue solid and dashed lines, respectively. Additional results from experimental 

and theoretical studies, and recommended values from review articles are also plotted. 

 

 
Figure B1. Arrhenius plot of optimized rate coefficient of reaction H + O2 = O + OH (R1). 

Additional results from [157, 158, 160, 161, 163, 252-259] are also plotted. 
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Figure B2. Arrhenius plot of optimized rate coefficient of reaction O + H2 = H + OH (R2). 

Additional results from [165-167, 170-172, 260-263] are also plotted. 

 
Figure B3. Arrhenius plot of optimized rate coefficient of reaction OH + H2 = H + H2O (R3). 

Additional results from [70, 173, 175-177, 179, 264-266] are also plotted. 
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Figure B4. Arrhenius plot of optimized rate coefficient of reaction OH + OH = O + H2O 

(R4). Additional results from [239, 267-269] are also plotted. 

 
Figure B5. Arrhenius plot of optimized low-pressure limiting rate coefficient of reaction H + 

H + M = H2 + M (R5). Additional results from [17, 19, 55-57, 184, 187, 270] are also plotted. 
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Figure B6. Arrhenius plot of optimized low-pressure limiting rate coefficient of reaction H + 

OH + M = H2O + M (R8). Additional results from [8, 17, 19, 56, 192, 271, 272] are also 

plotted. 

 
Figure B7. Arrhenius plot of optimized low-pressure limiting rate coefficient of reaction H + 

O2 + M = HO2 + M (R9). Additional results from [161, 181, 273-278] are also plotted. 
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Figure B8. Arrhenius plot of optimized rate coefficient of reaction H + HO2 = H2 + O2 (R10). 

Additional results from [17, 56, 57, 279-282] are also plotted. 

 
Figure B9. Arrhenius plot of optimized rate coefficient of reaction HO2 + H = OH + OH 

(R11). Additional results from [19, 56, 281] are also plotted. 
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Figure B10. Arrhenius plot of optimized rate coefficient of reaction HO2 + OH = H2O + O2 

(R13). Additional results from [55, 57, 190, 192, 193, 272, 283, 284] [190, 192, 193, 283-

287]are also plotted. 

 
Figure B11. Arrhenius plot of optimized rate coefficient of reaction HO2 + HO2 = H2O2 + O2 

(R15). Additional results from [19, 56, 57, 193] are also plotted. 



150 

 

 
Figure B12. Arrhenius plot of optimized low-pressure limiting rate coefficient of reaction OH 

+ OH + M = H2O2 + M (R16). Additional results from [55-57, 195, 196, 277] are also plotted. 

 
Figure B13. Arrhenius plot of optimized rate coefficient of reaction H2O2 + H = H2 + HO2 

(R18). Additional results from [17, 55-57, 288] are also plotted. 
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Figure B14. Arrhenius plot of optimized rate coefficient of reaction CO + O2 = CO2 + O 

(R23). Additional results from [8, 9, 30, 242, 289, 290] are also plotted. 

 
Figure B15. Arrhenius plot of optimized rate coefficient of reaction CO + OH = CO2 + H 

(R24). Additional results from [8, 30, 63, 231, 243, 248, 249, 291-295] are also plotted. 
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Figure B16. Arrhenius plot of optimized rate coefficient of reaction CO + HO2 = CO2 + OH 

(R25). Additional results from [66, 231, 296] are also plotted. 

 
Figure B17. Arrhenius plot of optimized low-pressure limiting rate coefficient of reaction 

HCO + M = H + CO + M (R26). Additional results from [70, 71, 297-299] are also plotted. 
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Figure B18. Arrhenius plot of optimized rate coefficient of reaction HCO + H = CO + H2 

(R28). Additional results from [30, 66, 230, 231, 297, 298, 300-302] are also plotted. 
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