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Abstract 

Fuel microchannels for regenerative cooling are receiving increased attention in advanced aviation 

technologies. Those microchannels allow heat integration between the endothermic cracking of 

the jet fuels and their subsequent combustion. In this work, a detailed elementary-step kinetic 

model is developed to gain insights in the cracking chemistry of a Jet A surrogate (n-dodecane, 

isooctane, n-propyl benzene, and 1,3,5-trimethylbenzene), which allows for further optimization 

of those aviation technologies. A dedicated procedure is described for the automated generation of 

kinetic models for multi-component mixtures with the open-source Reaction Mechanism 

Generator (RMG) software. The full kinetic model is validated against experimental measurements 

in multiple reactor geometries, at various experimental conditions, including both a surrogate 

mixture and commercial Jet A. The experimental data includes new experimental measurements 

for the pyrolysis of a Jet A surrogate in a tubular reactor with detailed product analysis using 

comprehensive 2D GC. The good performance of the kinetic model for data from a broad range of 

experimental conditions demonstrates the advantage of a kinetic model with detailed chemistry 

against empirical kinetic models that are limited in their applicability range. Further analysis of 

the important chemistry in the kinetic model shows that it is essential to account for cross-reactions 

between the different surrogate components. 

  



1. Introduction 

The continued drive to advance aviation technologies over recent years has created an increased 

demand for improved propulsion systems with better performance and efficiency. One technology 

that has seen an increasing interest is the fuel microchannel for regenerative cooling.1,2 This 

technology utilizes endothermic cracking of the jet fuel prior to combustion as a heat sink for 

aerodynamic heating of the aircraft. To improve our understanding on the thermodynamics of the 

regenerative cooling system, improvements in the modeling of fuel cracking are required. Jet fuels, 

generally mixtures of varying types and weights of hydrocarbons, have complex cracking 

mechanisms that make accurate heat sink predictions difficult. The general approach to handling 

such large cracking mechanisms is a combined experimental and computational approach that 

generates empirical, lumped, and simplified cracking mechanisms from experimental results. This 

approach results in a model that is limited to specific fuel compositions and the range of 

experimental conditions covered. The cracking mechanisms developed with those approaches 

cannot be used with full confidence in a broader set of experimental conditions. One example of 

one of the most advanced empirical cracking mechanisms for jet fuels is HyChem, recently 

developed by Wang et al.3,4 The pyrolysis of jet fuels is modeled with seven lumped reactions 

where stoichiometry and reaction rates are derived from experimental data. The pyrolysis model 

is combined with a more detailed oxidation model for the pyrolysis products to predict oxidative 

pyrolysis of jet fuels.  

For this work, we use the open-source automatic kinetic model generation tool named Reaction 

Mechanism Generator (RMG)5,6 to develop a detailed kinetic model for the pyrolysis of a Jet A 

surrogate. We demonstrate a new approach to the construction of chemical kinetic models for 

complex fuels without fitting of any of the model parameters to experimental data. This way, it 

can be reliably applied to kinetic simulations of varying reactor geometries and experimental 

conditions. This approach is demonstrated for a Jet A surrogate (2nd generation surrogate with n-

dodecane, isooctane, n-propyl benzene, and 1,3,5-trimethylbenzene (TMB))7, but can be adopted 

for other complex multi-component hydrocarbon mixtures as well. For validation of the novel 

kinetic model, experimental data is gathered for pyrolysis of the specific surrogate composition, 

rich in aromatic components, in a tubular reactor with a detailed analysis section. Additionally, the 

kinetic model is used to simulate literature data on the pyrolysis of a commercial Jet A in a shock 



tube.8 By validating the kinetic model against a broad range of experimental conditions in various 

reactor geometries, we show the advantage of a fuel-specific yet geometry independent kinetic 

modeling procedure that can offer more realistic insights in the chemical behavior than simplified 

empirical models.  

2. Selection of the surrogate composition 

Jet fuels are highly complex mixtures of many organic species with a composition that often varies 

between samples within a given fuel classification. The individual components in samples of Jet 

A specifically have been found to vary by as much as 25%.9 Both the large number of relevant 

species as well as the variance in composition make modeling fuel behavior very difficult. For 

modeling efforts to succeed, fuel surrogates that meet certain performance and compositional 

standards are often adopted. 

An effective fuel surrogate fuel typically has no more than a dozen initial components, with some 

surrogates using as few as 3 to 5 components or even a single species. Furthermore, an effective 

surrogate fuel must be able to approximate certain physical properties of the real fuel, including 

the hydrogen to carbon (H/C) ratio, sooting/coking behavior, reaction potential as represented by 

the Derived Cetane Number (DCN), and the average molecular weight.10  

Several strategies have been investigated in literature for quick and efficient identification of viable 

surrogates, including one method by Dooley et al.11 that seeks to emulate the desired physical 

properties through correlation of the surrogate and original fuel molecular fragments. The resulting 

surrogate, a mixture of n-decane, isooctane, and toluene, was computationally compared to a 

specific Jet A sample (POSF-4658).11 During the development of this first generation surrogate, 

kinetic models for each of the primary components as well as supplementary models for ethane, 

butadiene, and similar species were used but cross-reactions were not considered due to lack of 

comprehensive literature mechanisms on the subject. Good agreement was found for post-

combustion species such as carbon monoxide and carbon dioxide when the surrogate model was 

computationally compared to experimental results from a variable pressure flow reactor.11 

The success of a first generation POSF-4658 surrogate led to further development and the 

generation of more complicated second generation surrogates. The second generation surrogate 

utilizes n-dodecane as a primary alkane species instead of n-decane, keeps a revised isooctane 



model, and removes toluene in favor of n-propyl benzene and 1,3,5-trimethylbenzene.7,12 

Combustion experimental data was collected in a high pressure shock tube for both Jet A and the 

new surrogate fuel in a high pressure shock tube. Post-combustion products for both fuels were 

compared and good agreement was found for mole fractions of carbon monoxide, carbon dioxide, 

light species with one to three carbons, and ignition delay times at temperatures ranging between 

879–1733 K and pressures between 16–27 atm.7 Further, the second generation surrogate was 

shown to have very similar physical properties and sooting behavior, as is shown in Table 1. 

Table 1. Comparison of physical and sooting properties by Dryer et al.10 DCN: Derived Cetane Number, TSI: threshold 

sooting index, MW: average molecular weight. 

Fuel DCN H/C 
MW 

(g/mol) 
TSI 

Jet A 47.1 1.95 157.5 24.2 

1st gen surrogate11 47.4 2.01 120.7 14.1 

2nd gen surrogate12 48.5 1.95 138.7 20.4 

 

For the selection of the Jet A surrogate used in this work, we recognize the effectiveness of the 

second generation surrogate proposed by Dooley et al.12 But also the underlying design principle 

for both first and second generation surrogates, i.e. the importance of functional groups in the 

selection of surrogate components as stated by Dooley et al.12, are considered important for the 

final surrogate selection. The surrogate composition used in this work is enriched in aromatic 

components compared to the surrogate reported by Dooley et al.12 and has a molar composition of 

0.287/0.235/0.404/0.074 for n-dodecane/isooctane/n-propyl benzene/TMB.  

3. Automate kinetic modeling for multi-component mixtures  

A kinetic model for the pyrolysis of the Jet A surrogate was developed using the Reaction 

Mechanism Generator (RMG).5,6 RMG is an open-source software package built to automatically 

generate chemical kinetic models for gas-phase reactive systems. In the past RMG has mostly been 

applied to systems with simple initial compositions (e.g. a single-component fuel, or a mixture of 



small molecules). In this work, we demonstrate how RMG can be used for model development of 

a complicated multi-component surrogate mixture. First, we give a general overview of how RMG 

generates kinetic models and calculates thermodynamic and kinetic properties. Kinetic models 

were generated and validated for the individual components in the surrogate mixture. RMG was 

then used to generate cross-reactions between the individual component models and the final 

model is merged from the individual models.  

Note that this specific approach is employed rather than generating a model for the complete 

surrogate mixture at all the reaction conditions of interest in a single RMG run. Although that 

approach would hypothetically allow RMG to explore the interactions between all of the surrogate 

components and intermediates, in this work we discovered that RMG was not able to handle that 

level of complexity, at least on the computer hardware we employed. As shown below, the 

chemistry of each of the four individual components in the surrogate mixture is by itself complex 

and requires identifying and accounting for thousands of species and their reactions. RMG 

attempts to exhaustively consider every possible species and reaction to reduce the likelihood of 

omitting one that is important. As a consequence, the number of potential species and reactions 

considered is orders of magnitude larger than the number actually included in the final model. 

Also, at each iteration RMG solves the current version of the model at all the reaction conditions 

of interest. This stiff-ODE solution is very fast for small models, but when the model grows and 

contains thousands of species this step becomes time-consuming. Even with several algorithmic 

improvements and partial parallelization of the software, the memory and CPU requirements for 

constructing the model climb steeply as the model becomes more complex.  

In this work, we hit the limit of what could be done with this version of RMG and our computer 

resources, so were forced to build the model in pieces rather than all at once. We note that manual 

construction of kinetic models is typically done, by combining sub-models in a similar way. This 

is much faster than attempting to build a comprehensive model, but as discussed below it 

introduces new difficulties, e.g. how to correctly add the reactions that connect the different sub-

models. 



3.1. Automated kinetic model generation with RMG 

The framework of RMG has been discussed in detail before5,6 and documentation is available on 

the RMG website.13 Below, a short overview of the main functionalities that are important to this 

work is given. 

The automatic kinetic model generation in RMG is done step-wise with a rate-based criterion. The 

mechanism is generated from a pool of initial reactants, a set of reactor conditions, and more than 

45 pre-defined reaction families. RMG distinguishes the core and the edge mechanism. The core 

mechanism contains all important species and the reactions between those species. Those species 

and reactions comprise the final mechanism. The edge mechanism contains new species that can 

be formed from the core species using the RMG reaction families and libraries. During every 

iteration, the edge species formed with the highest flux at the predefined reactor conditions is 

added to the core mechanism. This procedure continues until a user-specified termination criterion 

on the conversion of components or batch residence time is met. Some additional constraints can 

be set to limit the size and number of edge species. 

In order to perform reactor simulations at every iteration, thermodynamic properties are required 

for each species and kinetic parameters are required for each reaction in the kinetic model. Some 

of these parameters are known from prior work, and are stored in libraries, but most need to be 

estimated. For fast estimation of thermodynamic properties, RMG uses the Benson group 

additivity method with many of the group values derived from quantum chemical calculations.14,15 

For kinetics each reaction is classified using a hierarchical tree, and then assigned high-pressure-

limit Arrhenius parameters derived from other similar reactions (with those numbers typically 

coming from transition state theory calculations).  

After automatic generation of the preliminary kinetic model with RMG, the resulting model is 

used for reactor simulations and comparison to experimental data. Discrepancies with 

experimental measurements are identified and model analysis tools are used to identify sensitive 

species and reactions resulting in those discrepancies. For those species and reactions, more 

accurate thermodynamic and kinetic properties are determined, for example by using the CBS-

QB3 method.16,17 The new calculations are added to the RMG database and a new kinetic model 

incorporating them is generated. If the original estimates were very different from the CBS-QB3 

values, the new reaction network might be significantly different than the original model. This can 



be the case, for example, because a particular reactive intermediate is now predicted to be formed 

at a much higher rate, so its reactions need to be included. This procedure is repeated many times 

to try to converge to a model that includes all the important species and reactions, where all the 

sensitive parameters in the model are derived from high-level calculations rather than rough 

estimates 18,19. 

Because the chemistry is very complex, there are a huge number of rate coefficients in the model, 

many more than the number of available experimental data. The goal here is to understand how 

well we can predict complex chemistry from fundamental understanding, not how well one can fit 

limited experimental data. We emphasize that none of the many rate coefficients and 

thermodynamic parameters in the model were adjusted to try to fit the data shown below; the 

numbers in the models are the Benson-type estimates made automatically by RMG, or the more 

accurate numbers from specific quantum chemistry calculations. However, in a few cases we 

observed that RMG had misestimated the symmetry numbers of some molecules or related 

reaction-path degeneracies by a factor of 2, and we corrected those particular numbers by hand.   

3.2. Single component modeling and validation 

The procedure explained above was used to generate kinetic models for the individual surrogate 

components: n-dodecane, isooctane, n-propyl benzene, and TMB. Each of those kinetic models 

are used for simulations to compare to literature-based experimental measurements at various 

conditions. For each of the components, the RMG databases are updated with more accurate CBS-

QB3 calculations for important species and reactions. The most important observations and 

updates during the kinetic model construction of the individual surrogate components are 

discussed below.  

The kinetic modeling efforts for n-propyl benzene pyrolysis are an excellent example of how 

replacing estimated rate and thermochemical parameters in large kinetic models with more 

accurate values from quantum chemistry calculations improves model performance. The pyrolysis 

of n-propyl benzene was studied experimentally by Gudiyella and Brezinsky20 in a shock tube with 

temperature ranging from 1027 to 1678 K and a pressure of 50 atm. Those experiments were used 

to compare the kinetic model simulations, identify discrepancies, and improve thermodynamic 

properties and kinetics for the most important species and reactions. Simulations with the first 

kinetic model showed poor agreement for the n-propyl benzene conversion profile. The pyrolysis 



initiation temperature was off by ~60–70 K. Sensitivity analysis on the model indicates which 

parameters control the decomposition temperature, so we replaced the estimated value for those 

key parmeters with more accurate numbers computed using quantum chemistry. The 

thermodynamics and kinetics libraries were updated with new calculations or by data available 

from literature calculated by Darcy et al.21 The new calculations are performed at the CBS-QB3 

level of theory 16,17 as implemented in the Gaussian 16 22 software. Post-processing of the quantum 

calculations to thermodynamic properties and rate coefficients is done with the open-source 

software Arkane 23,24. This process of using sensitivity analyses to identify which parameters 

should be computed using quantum chemistry was repeated for several observables. The final 

model, built by RMG using these more accurate values for the key parameters, captures the n-

propyl benzene conversion as a function of temperature accurately. The performance against 

experimental data by Gudiyella and Brezinsky20 can be found in the Supporting Information 

(Figure S1). The shock tube experimental data is only used to determine the key model parameters 

and none of the model parameters are fitted to the experimental data. With this method, a kinetic 

model is developed that is valid for a wide range of process conditions. To evaluate the 

performance of the kinetic model at different conditions, simulations for n-propyl benzene 

pyrolysis are done to model the experiments performed by Chen and Froment25 in a tubular reactor. 

Without any parameter adjustment, a good agreement is obtained between model simulations and 

experimental data as can be seen Figure 1.    

  

Figure 1. Performance of the kinetic model for n-propyl benzene pyrolysis against experimental data reported by Chen and 

Froment25 in a tubular reactor. Product yields (wt%) are plotted as a function of n-propyl benzene (n-PB) conversion. 

The same method, using sensitivity analysis on rough models to identify which parameters should 

be computed using quantum chemistry, then automatically rebuilding the model with RMG was 



used to construct a model for the pyrolysis of n-dodecane. Many have reported experimental data 

for n-dodecane pyrolysis. Two experimental datasets were selected for comparison to the kinetic 

model in this work, i.e. the jet-stirred reactor experiments reported by Herbinet et al.26 and the 

shock tube experiments reported by Malewicki et al.27 Those experimental datasets cover two 

different reactor types, a broad range of experimental conditions, and both studies report detailed 

product profiles. The jet-stirred reactor experiments reported by Herbinet et al.26 were done at 

atmospheric pressure and temperatures ranging between 800 and 1075 K. Shock tube experiments 

reported by Malewicki et al.27 were at pressures 25 and 50 atm, and temperatures between 900 and 

1700 K. Simulation results are compared against the experimental reaction profiles of the major 

products as a function of temperature in Figure 2 for the jet-stirred reactor experiments. A 

comparison of the model predictions with the shock tube experimental data is given in the 

Supporting Information (Figure S2 and S3). The model predictions are in good agreement with 

both sets of n-dodecane pyrolysis experiments.  

 

Figure 2. Performance of the kinetic model for n-dodecane pyrolysis against experimental data reported by Herbinet et 

al.26 measured in a jet-stirred reactor. 

The same procedure was used to replace the key parameters in the model for the pyrolysis of 

isooctane (2,2,4-trimethylpentane) with more accurate quantum chemical values. Experimental 

validation, see Figure 3, is done with the high-pressure single pulse shock tube experiments 

reported by Malewicki et al.28 The experimental measurements were done at 26 and 55 atm, for 

temperatures ranging from 835 to 1757 K.  



 

Figure 3. Performance of the kinetic model for isooctane pyrolysis against experimental data reported by Malewicki et al.28 
in a shock tube reactor. 

While no RMG model showed sufficient agreement after the first run, the iterative loop of 

mechanism generation – sensitivity analysis – quantum chemistry – mechanism generation 

significantly improved the model predictions in all three cases. It is not feasible to compute all the 

rate coefficients and thermodynamic parameters in these large kinetic models using high-level 

quantum chemistry methods. Only computing the most sensitive parameters affecting the 

observables of interest, as done here, drastically reduces the computational requirements.  

The number of species and reactions for each final single-component mechanism can be seen in 

Table 2. 

Table 2. Number of species and reactions found in the kinetic models for the pyrolysis of the individual surrogate 

components 

Single Component # of Species # of Reactions 

n-dodecane 438 12510 

Isooctane 195 5445 

n-propyl benzene 1038 9490 

1,3,5-trimethylbenzene 746 11734 

 



3.3. Generation of the full kinetic model 

One can simply combine these 4 single-component models to make a rough model for the 

surrogate. However, a model built this way omits some of the cross-reactions between the different 

surrogate fuel components and their major products. To try to correct this omission, RMG is used 

to automatically generate some of the cross-reactions between the different surrogate components. 

The surrogate components are used as input to RMG, as if one were intending to use RMG to 

directly build the full model from scratch, but the model-construction process was only converged 

to loose tolerances to avoid overwhelming the computer. To further reduce memory demands a 

limit was set on the maximum number of carbon atoms that are allowed in the newly formed 

species in the edge mechanism. Further research is needed in how to optimally fill in the important 

missing reactions and species to correctly connect two sub-models. The cross-chemistry sub-

model contains 381 species and 6791 reactions, some of which are already present in the kinetic 

models of the individual components.  

Finally, since we want to model polycyclic aromatic hydrocarbon formation from the surrogate, 

which is vital for accurately modeling the coking or soot behavior,  we included the aromatic 

formation sub-model recently compiled by Liu et al. 29 That aromatic sub-model contains 329 

species and 509 reactions. 

Then, the six kinetic models (four single components, one cross chemistry, and one aromatics) 

were merged together. The merging procedure is automated with RMG. During the merging 

procedure of two kinetic models, one of the models is defined as the primary, while the other 

model is defined as the secondary model. All species and reactions from a secondary model that 

do not appear in the primary are added to the primary. If duplicate species and reactions are present 

between the primary and the secondary model, those present in the primary are retained. In this 

work, the kinetic models were merged together in the following order: (1) the cross-chemistry, (2) 

n-dodecane mechanism, (3) isooctane mechanism, (4) n-propyl benzene mechanism, (5) TMB 

mechanism, (6) aromatic mechanism. This sequence is selected based on user experience and by 

considering the most reliable recent kinetic and thermodynamic parameters in the RMG database, 

the knowledge on the pyrolysis chemistry of individual components, and the degree of validation 

of individual kinetic models. The final kinetic model after merging contains 2774 species and 44 

367 reactions. In the final model, 16% of the species thermodynamic properties and about 2% of 



the reaction kinetics match entries in the RMG libraries or RMG training reactions. The other 

thermodynamic properties and reaction kinetics are estimated automatically by RMG as explained 

before. More information on the source of each individual thermodynamic and kinetic properties 

can be found in the commented sections of the final kinetic model in CHEMKIN format in the 

Supporting Information.   

4. Experimental data collection 

For detailed validation of the new kinetic model, new pyrolysis experiments with a Jet A surrogate 

mixture were performed in a tubular reactor at the bench-scale unit located at the Laboratory for 

Chemical Technology in Ghent University. The experimental unit has been described in detail in 

the past, a brief discussion specific to the new experimental data is given below. 30–32 

An aromatic-enriched surrogate Jet A mixture was prepared with n-propyl benzene (Fisher 

Scientific, 98%), n-dodecane (Fisher Scientific, 99%), isooctane (Fisher Scientific, >99.5%) and 

TMB (Fisher Scientific, >98%). The mixture had a molar composition of 40.4 mol% n-propyl 

benzene, 28.7 mol% n-dodecane, 23.5 mol% isooctane and 7.4 mol% TMB.  

The Jet A surrogate mixture was heated and mixed with nitrogen gas before entering the reactor. 

The inlet mass flow rate of the surrogate mixture and nitrogen gas was 0.0003445 mol s-1 (1.24 

mol h-1) and 0.001336 mol s-1 (4.81 mol h-1) respectively. The heater and mixer were electrically 

heated and filled with quartz bead units. The tubular reactor is made of Incoloy 800 HT stainless 

steel, has a length of 149 cm and 0.6 cm internal diameter. An external furnace is used to heat the 

reactor to the set temperature. The temperature was scanned between 860 K and 1080 K with 20 

K increments. For simulation purposes, it is important to know the exact gas temperature profile 

as a function of the axial distance in the tubular reactor. The gas temperature is measured along 

the reactor at eight different positions with type K thermocouples. The temperature profiles as a 

function of the axial distance in the reactor are provided in Table S1 within the Supporting 

Information. The pressure in the reactor was controlled using a back-pressure regulator. During 

experiments the reactor pressure was set to 3 bar (300 kPa). It is found that pressure drop over the 

reactor is negligible; the observed pressure drop during experiments is 0.1 bar.  

Downstream of the reactor, the effluent was sent through a sampling system kept at 573 K to avoid 

condensation. The effluent is analyzed with an on-line refinery gas analyzer (RGA) and 

comprehensive 2D gas chromatography (GC×GC). The RGA is a gas chromatograph used to 



quantify the smallest components, including N2, H2 and hydrocarbons with up to 4 carbon atoms. 

Detection is done using two thermal conductivity detectors and one flame ionization detector. The 

majority of the products and the surrogate components were detected with GC×GC. Detection was 

done with a flame ionization detector for quantification of the product species and with a 

quadrupole mass spectrometer for product identification. For quantification of the effluent mass 

fractions of the smallest molecules detected with the RGA, N2 is used as an internal standard. 

Calibration is performed with a calibration mixture provided by Air Liquide. For the larger 

molecules detected with GC×GC, methane is used as a secondary internal standard and the 

effective carbon number approach is used to calculate product mass fractions. The relative 

experimental error on the calculated mass fractions with this method is 7% based on experience. 

5. Surrogate model validation 

The full kinetic model is used for comparison against (1) the new aromatic-enriched surrogate 

pyrolysis experiments performed at Ghent University in a tubular reactor and (2) shock-tube 

experiments of Jet A pyrolysis reported by Han et al.8 The surrogate experiments are used to 

evaluate the completeness and importance of the cross-chemistry generated by RMG.  

Besides the newly developed kinetic model, the HyChem model that was recently published by 

Wang et al.3 and Xu et al.4 is also used to simulate the experimental data. The HyChem model is 

a lumped kinetic model that combines a base mechanism with only 7 reactions covering fuel 

pyrolysis and oxidation. A comparison of the model simulations with the new experimental data 

and the experimental data published by Han et al.8 is given in Supporting Information. A decent 

model performance is obtained given that the HyChem model is developed for a specific Jet A fuel 

with a slightly different composition than the one used in this experimental work. Especially for 

the prediction of aromatics, but also for other major product species, the new detailed kinetic model 

outperforms the lumped HyChem model. 

5.1. Comparison against surrogate pyrolysis experiments  

The new surrogate pyrolysis experiments are simulated using the 1-D plug flow reactor 

implementation in CHEMKIN.33 The temperatures profiles that are measured experimentally as a 

function of the axial reactor coordinate are used as input to CHEMKIN, together with the 

experimentally measured feedstock composition, flow rates, and pressure. The model simulations 

are compared against the experimental measurements of the main products in Figure 4.  



The conversion of the main surrogate components, n-dodecane, isooctane, and n-propyl benzene 

are predicted well by the model. For the minor surrogate component TMB, the onset of conversion 

is predicted well, but the model overpredicts the fuel conversion at higher temperatures. Potential 

reasons for this discrepancy are discussed further. The main products that are experimentally 

measured are those expected from typical pyrolysis experiments, i.e. methane, ethene, propene, 

benzene, and toluene. Additionally, isobutene and styrene are measured with high mass fractions. 

The model captures the trend of all major product species as a function of temperature and can 

predict absolute product mass fractions with a good accuracy for all the main products. The main 

discrepancy is found for styrene, which is underpredicted by a factor 1.5 approximately. The 

plateau in the propene mass fraction at higher temperatures is not well captured by the model. This 

plateau is most likely the result of the interplay between hydrogen atom addition reactions to 

propene to form either 1-propyl radicals or 2-propyl radicals. The former can further react back to 

propene or decompose to ethene and methyl radicals. The latter reaction channel typically becomes 

more important at higher temperatures. Refining the rate coefficients for these reactions with high-

accuracy calculations will likely improve the prediction of propene at higher temperatures.  

The final model used for simulations is slightly modified from the model automatically generated 

by RMG. The models generated for the pure surrogate components were each validated against 

literature experimental data for the pyrolysis of those pure components, when available. The new 

experimental data on surrogate pyrolysis is used to screen the completeness and accuracy of the 

cross-chemistry that is automatically generated by RMG. The rate-of-production analysis, 

discussed in more detail further, demonstrates the importance of cross-chemistry in multi-

component mixtures. It is found that the initial resonantly stabilized radical formed from TMB, 

further referred to as RTMB, has no obvious unimolecular decomposition channels since 

unimolecular decomposition would imply breaking of the aromatic structure. The accumulation of 

this radical makes it the most important abstracting radical for the other surrogate components. 

The most important hydrogen abstraction reactions by RTMB from n-dodecane, n-propyl benzene 

and isooctane were found automatically by RMG, whilst some hydrogen abstraction reactions from 

the less important sites were not considered. Manual addition of those with rate coefficients 

determined by RMG improved the model performance to the state that is shown in Figure 4. For 

some of the reactions with RTMB, the automatically calculated reaction path degeneracy was 

corrected by a factor of 2. Note that besides small corrections to the reaction path degeneracy, none 



of the thermodynamic properties or rate coefficients generated by RMG are adjusted in the final 

model.  

 

Figure 4. Comparison of simulations with the full kinetic model against the new experimental data of surrogate pyrolysis 

measured in a tubular reactor. 

5.2. Comparison against Jet A pyrolysis 

To evaluate to which extent the surrogate mixture can be used to model the pyrolysis of a 

commercial Jet A fuel, additional simulations with the adjusted full kinetic model from section 5.1 

are done and compared to Jet A pyrolysis experiments. The experimental data reported by Han et 

al.8 is used for comparison. Those experiments are done in a shock tube at 25 and 90 atm, for 

temperature ranging from 900 to 2200 K, and an average residence time of 2.3 ms. The post-shock 

experimental composition is compared with CHEMKIN simulations using the batch reactor 

implementation and the full kinetic model. The comparison of experimental measurements and 

model simulations at 25 atm are given in Figure 5, the comparison at 90 atm is given in Figure S4 

of the Supporting Information. 



The major products formed by the pyrolysis of the commercial Jet A fuel in a shock tube reactor 

are light hydrocarbons (methane, ethane, ethene, ethyne, and propene) and simple aromatics 

(benzene and toluene). The experimentally measured mole fractions (ppm) of those products are 

given in Figure 5 as a function of temperature. For simulations, Jet A is represented by the 

surrogate composition reported by Dooley et al.12 with 21.13 ppm n-dodecane, 15.01 ppm 

isooctane, 12.29 ppm n-propyl benzene, and 3.87 ppm TMB, diluted in Ar. Giving that the jet fuel 

is represented by a surrogate rather than its detailed composition, a good predictive ability of the 

model is observed for the major product species. Even though the mole fractions of some products 

are slightly over- or underpredicted, the general trends and quantities of the major product species 

are captured well.  

 

Figure 5. Comparison of simulations with the full kinetic model against shock tube experimental data for the pyrolysis of 

commercial Jet A in a shock tube study at 25 atm reported by Han et al. 8 

6. Model analysis 

6.1. Rate-of-production analysis 

To further analyze the complete kinetic model and empathize the importance of cross-reactions, a 

rate-of-production analysis is performed. The rate-of-production analysis is done using the batch 

reactor implementation in CHEMKIN with the previously defined surrogate composition, at 950 

K, 1000 K, and 1050 K, 3 bar and a residence time of 0.01 s. The low residence time is selected to 

focus the rate-of-production analysis on initial decomposition pathways of the different surrogate 

components. The other conditions are selected based on the conditions used for the experimental 

measurements in the tubular reactor.  



The most important initial decomposition chemistry is schematically represented in Figure 6, 

together with the relative production rates of those reactions. The relative production rates are 

defined as the production rate of that reaction relative to the net production rate of the surrogate 

component from which that reaction originates. The values are determined at 950 K, 1000 K, and 

1050 K (italic, bold, and normal font in Figure 6). A brief description of the most important 

chemistry is given below. 

The first surrogate component to consider is 1,3,5-trimethylbenzene (TMB). At 0.01 s residence 

time, TMB has a molar conversion of 2.6%, 13%, and 59% for 950 K, 1000 K, and 1050 K 

respectively. At all investigated conditions, TMB is primarily consumed by hydrogen abstraction 

reactions by methyl radicals. Hydrogen abstraction reactions by other radicals (e.g. hydrogen 

atoms, ethyl radicals, and phenyl radicals) play a minor role. The formed radical from TMB (RTMB) 

cannot easily decompose by a unimolecular reaction and becomes the main abstracting species in 

the overall decomposition scheme. This phenomenon demonstrates the importance of cross-

chemistry for complex multi-component feedstocks. As a large fraction of RTMB reacts back to 

TMB, the relative rate of production for the hydrogen abstraction reaction of TMB by methyl 

radicals is 4071%, 998%, and 216% at 950 K, 1000 K, and 1050 K respectively. RTMB mainly acts 

as an abstracting agent for the other surrogate components, n-dodecane, isooctane, and n-propyl 

benzene. The relative rate of production is given in Figure 6. Alternatively, RTMB can abstract 

hydrogen atoms from major product species (e.g. propene and isobutene). The contribution of the 

hydrogen abstraction from other product species increases with increasing temperature, i.e. 

increasing conversion, and hence a higher product concentration. The overall role of RTMB as an 

abstracting species diminishes with increasing temperatures. At higher temperatures, the radical 

concentration in the mixture increases and RTMB can react further by recombination with allyl or 

isobutene-3-yl radicals. Alternatively, RTMB reacts by addition to saturated products, such as 

ethene. The discrepancy in the TMB mass fraction in Figure 4 is most likely due to an 

overestimation of the recombination reaction rates or uncertainty in the thermodynamic properties 

of the products. The faster consumption of RTMB by alternative reactions reduces the fraction of 

RTMB that reacts by hydrogen abstraction reactions back to TMB. 

The second surrogate component, n-dodecane, has a molar conversion of 6.6%, 27%, 62% at 0.01 

s and 950 K, 1000 K, and 1050 K respectively. n-dodecane is mainly consumed by hydrogen 

abstraction reactions with the formation of five different secondary radicals. For simplicity, only 



one of those radicals, the one with the highest flux, is given in Figure 6. The main abstracting 

species at 950 K and 1000 K is RTMB and shifts to methyl radicals at the highest temperature of 

1050 K. At higher temperatures, the contribution of homolytic C-C scission reactions for the 

consumption of n-dodecane increases, but hydrogen abstraction reactions remain the most 

important consumption channels at the temperatures considered. The secondary radicals formed 

from n-dodecane react further by β-scission reactions, with the formation of a 1-alkene and a 

primary radical (propene and 1-nonyl in Figure 6). The primary radical reacts by a hydrogen shift 

reaction through a 5- or 6-membered cyclic transition state structure with the formation of another 

secondary radical. Those secondary radicals decompose by β-scission reactions or new hydrogen 

shifts. The 1-alkene products formed from the β-scission reactions, for example 1-hexene in Figure 

6, are further consumed by hydrogen atom addition to the double bond or by homolytic C-C 

scission with the formation of an allyl and primary radical. Overall, the consumption of the 1-

alkene products increases with increasing temperatures.  

The molar conversion of isooctane at 0.01 s is 4.6%, 14%, and 53% for 950 K, 1000 K, and 1050K 

respectively. Isooctane can form four different radicals by hydrogen abstraction reactions. The 

three radicals that are formed with the highest rate of production are given in Figure 6. Their 

relative importance depends on the considered temperature. Additionally, isooctane reacts by 

homolytic C-C scission reactions. The importance of latter channel increases with increasing 

temperatures and the relative rate of production goes up to 22% at 1050 K. The main radical formed 

after hydrogen abstraction from isooctane is a tertiary radical. This radical decomposes by a β-

scission reaction with the formation of isobutene and a tertiary isobutyl radical. The latter radical 

can form another isobutene molecule by C-H β-scission, or isomerize to a primary isobutyl radical 

that further decomposes to propene and a methyl radical. Hydrogen abstraction from isooctane can 

also produce a primary and secondary radical, as indicated in Figure 6. Both decompose further 

by β-scission reactions. The unsaturated products formed after β-scission react further similar to 

the 1-alkenes formed as part of n-dodecane consumption, i.e. by hydrogen atom addition to the 

double bond or by a homolytic scission with the formation of a resonantly stabilized radical.  

The last surrogate component, n-propyl benzene, has a molar conversion of 3.1%, 14%, and 39% 

at 950 K, 1000 K, and 1050 K respectively and a residence time of 0.01 s. n-propyl benzene has 

three main decomposition channels: (i) homolytic C-C bond scission with the formation of a 

phenyl radical and an ethyl radical, (ii) hydrogen abstraction reaction resulting in three different 



radicals, only the resonantly stabilized radical with the highest rate of formation is presented in 

Figure 6, and (iii) hydrogen atom addition and simultaneous β-scission with the formation of 

benzene and a 1-propyl radical. The importance of the homolytic bond scission increases with 

increasing temperatures, but the main decomposition channels are hydrogen abstraction reactions. 

Similar to n-dodecane and isooctane, the main abstracting species is RTMB at the lowest 

temperatures and shifts to methyl radicals at the highest temperature studied. The majority of 

hydrogen abstraction reactions results in the formation of a resonantly stabilized radical that can 

further decompose by a β-scission reaction to styrene and methyl radicals. Alternatively, and with 

increasing importance at higher temperatures, abstraction reactions result in the formation of a 

primary radical that can react further to ethylene and a phenyl radical. The formed phenyl radicals 

are important abstracting agents for the surrogate molecules and main products formed. 



 

Figure 6. Rate-of-production analysis for the initial decomposition of the surrogate mixture. Simulations are done in a batch 

reactor at 3 bar, for a residence time of 0.01 s, and with the predefined surrogate mixture composition. Reported numbers 

are the relative rate of production of the reactions with respect to the rate of production of their respective starting 

surrogate component at 950 K (italic), 1000 K (bold), and 1050 K (normal font). 

6.2. Sensitivity analysis 

The rate-of-production analysis clearly demonstrates the importance of cross-chemistry when 

dealing with a multi-component surrogate mixture. To further analyze the importance of cross-

chemistry, sensitivity analysis is done for the pre-exponential factors using the batch reactor 

implementation in CHEMKIN. The conditions used for the sensitivity analysis are similar to those 

used for the rate of production analysis. The pressure in the reactor is set to 3 bar, the temperature 

to 1000 K, and the residence time is fixed at 0.01 s. The most sensitive reactions with respect to 

the surrogate components are compared for simulations done with the surrogate mixture and for 



the decomposition of the pure surrogate components. For example, the most sensitive reactions for 

isooctane are compared for isooctane as part of the surrogate mixture and for the thermal 

decomposition of pure isooctane at the same conditions. For all four surrogate components, the 

most sensitive reactions are selected and presented in Figure 7. The blue bars in Figure 7 indicate 

the normalized sensitivity coefficients during decomposition of the component as part of the 

surrogate mixtures. The orange bars in Figure 7 indicate the normalized sensitivity coefficients 

during decomposition of the pure component. Positive sensitivity coefficients mean that increasing 

the pre-exponential factor of that reaction results in an increase of the surrogate component 

concentration, while a negative sensitivity coefficient suggests a decrease in the component’s 

concentration.  

For all surrogate components, it is clear from Figure 7 that the sensitive reactions differ between 

the pure component decomposition and the decomposition of that component in a multi-

component surrogate mixture. Moreover, many of the sensitive reactions are reactions originating 

from other surrogate components rather than the one investigated. For example, the homolytic 

scission reaction of isooctane to a primary and tertiary isobutyl radical is a sensitive reaction for 

all surrogate components. Also, reactions between different surrogate components are found as 

sensitive reactions, for example the hydrogen abstraction reaction by RTMB appears in the 

sensitivity analysis for each of the surrogate components. Many of the reactions appearing in the 

sensitivity analysis are initial decomposition reactions of that surrogate component or reactions 

that increase or reduce the number of radicals in the system. The most sensitive reactions for each 

of the surrogate components are shortly discussed below. 

For isooctane decomposition, the most sensitive reactions are similar for the decomposition of 

isooctane as part of a surrogate mixture or as a pure component. Those reactions are homolytic 

scission reactions of isooctane and hydrogen abstraction reactions from isooctane by hydrogen 

atoms and methyl radicals. Hydrogen abstraction reactions by RTMB are sensitive only during the 

surrogate decomposition. One reaction with a positive sensitivity coefficient for the decomposition 

of isooctane as a single component is the recombination reaction of methyl radicals. This reaction 

reduces the radical concentration, so leads to a lower conversion of isooctane, and hence has a 

positive sensitivity coefficient. This reaction is not as sensitive for isooctane in the surrogate 

decomposition, since methyl radicals are consumed by hydrogen abstraction reactions by other 

surrogate components (e.g. TMB), such that their recombination decreases in importance.  



n-propyl benzene and n-dodecane are both sensitive to the homolytic scission of isooctane and the 

reaction of those components with RTMB for the decomposition in the surrogate mixture. In both 

cases the sensitive reactions are rather different between the decomposition of the pure components 

and in the surrogate mixture. In both cases, positive sensitivity coefficients are observed for 

consumption channels of methyl radicals though recombination reactions, for example, the 

recombination of methyl and phenyl radicals or the recombination of methyl and ethyl radicals.  

At the selected reactor conditions, the conversion of pure TMB is low (<1%). As a result, there are 

no sensitive reactions and only the sensitive reactions for decomposition as part of the surrogate 

mixture are presented in Figure 7. Similar to n-propyl benzene and n-dodecane, TMB is sensitive 

to the homolytic scission reactions of isooctane. Furthermore, reactions involving TMB and RTMB 

are part of the sensitive reactions. Usually, the hydrogen abstraction reactions from the fuel 

component and homolytic bond scission of the fuel component have a negative sensitivity 

coefficient since those reactions lead to the consumption of the surrogate component. However, 

for some cases the opposite is true for TMB decomposition. As explained in the rate-of-production 

analysis, the radical formed from TMB, i.e. RTMB, is the main abstracting radical in the surrogate 

mixture because of the lack of further unimolecular decomposition reactions. After hydrogen 

abstraction or recombination with hydrogen atoms, RTMB reacts back to TMB, resulting in a 

positive sensitivity coefficient for some of the sensitive reactions.  



 

Figure 7. Normalized sensitivity coefficients with respect to the four different surrogate components (a) isooctane, (b) n-

propyl benzene, (c) n-dodecane, and (d) 1,3,5-trimethylbenzene. Simulations are done in a batch reactor at 3 bar, 1000 K, 

and 0.01 s residence time. The sensitive reactions for the predefined surrogate composition (blue bars) are compared to 

those for pure component decomposition (orange bars). 

7. Conclusions 

A detailed kinetic model for the pyrolysis of a Jet A surrogate is developed with the automatic 

kinetic model generation tool RMG. This is the first reported kinetic model for Jet A pyrolysis 

with this high level of chemical detail. Additionally, new experimental data for the pyrolysis of a 

Jet A surrogate are gathered in a tubular reactor with a dedicated analysis section. Model analysis 



techniques are employed to demonstrate the importance of cross-chemistry during pyrolysis of 

multi-component mixtures. 

RMG is used for the generation of a kinetic model for a multi-component mixture, not by feeding 

the complete surrogate mixture to RMG, which results in an explosion of the number of generated 

species and reactions, but in a stepwise approach, easily applicable to similarly complex systems. 

The construction starts with the generation of single component kinetic models for n-dodecane, 

isooctane, n-propyl benzene, and 1,3,5-trimethylbenzene pyrolysis. Those models are each 

validated against literature experimental data and the RMG databases are updated with more 

accurate CBS-QB3 calculations to achieve good model performance. Next, the cross-chemical 

reactions are automatically generated with RMG and all models are merged together. 

The final kinetic model is validated against the new experimental data for surrogate pyrolysis in a 

tubular reactor, and against the pyrolysis of a commercial Jet A in a shock tube reactor. In both 

cases good agreement is achieved between model simulation and experimental product profiles. 

Similar model performance is expected for pressures, temperatures, residence times, and surrogate 

compositions within the range that is validated against experimental data. This includes 

temperatures between 860 and 2200 K, pressures from atmospheric up to 90 atm, and residence 

times ranging from the order of milliseconds up to seconds. The good performance for different 

reactor geometries, experimental conditions, and fuel or surrogate composition, demonstrate the 

uniqueness of the novel kinetic model in its wide applicability caused by the high level of chemical 

detail.  

The chemical detail allows for further analysis of the important chemistry during the thermal 

decomposition of the surrogate mixture. Both the rate-of-product analysis and sensitivity analysis 

highlight the importance of cross-chemical reaction between the different surrogate components. 

The initial radical formed from 1,3,5-trimethylbenzene lacks unimolecular decomposition 

channels at the investigated conditions and acts as the main abstracting agent for the other 

surrogate components and the main products formed.  



Supporting information 

The supporting information of this work includes the newly developed kinetic model 

(SI_chem_model.inp), a list of species identifiers for this model (SI_species_identifiers.csv), and 

details on the new experimental data (SI_exp_data.xlsx). Additional comparisons of the new 

kinetic model and the HyChem kinetic model to literature experimental data are provided. 
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