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Abstract 

Strict regulations on air pollution motivates clean combustion research 

for fossil fuels. To numerically mimic real gasoline fuel reactivity, 

surrogates are proposed to facilitate advanced engine design and 

predict emissions by chemical kinetic modelling. However, chemical 

kinetic models could not accurately predict non-regular emissions, e.g. 

aldehydes, ketones and unsaturated hydrocarbons, which are important 

air pollutants. In this work, we propose to use machine-learning 

algorithms to achieve better predictions. Combustion chemistry of  

fuels constituting of 10 neat fuels, 6 primary reference fuels (PRF) and 

6 FGX surrogates were tested in a jet stirred reactor. Experimental data 

were collected in the same setup to maintain data uniformity and 

consistency under following conditions: residence time at 1.0 second, 

fuel concentration at 0.25%, equivalence ratio at 1.0, and temperature 

range from 750 to 1100K. Measured species profiles of methane, 

ethylene, propylene, hydrogen, carbon monoxide and carbon dioxide 

are used for machine-learning model development. The model 

considers both chemical effects and physical conditions. Chemical 

effects are described as different functional groups, viz. primary, 

secondary, tertiary, and quaternary carbons in molecular structures, 

and physical conditions as temperature. Both the Machine-learning 

models used in this study showed a good prediction accuracy with a 

test set regression score of 97.75 for support vector regression and 

91.07 for random forest regression. This finding shows the great 

potential of machine learning application on combustion chemistry. By 

expanding the experimental database, machine-learning models can be 

further applied to many other hydrocarbons in future work. 

Introduction 

Gasoline fuels play a key role in current century. The main energy 

source for light-duty vehicles is currently gasoline, and will remain so 

in the near future. Twenty percent of world’s total energy is used in 

transportation sector, and 40% of transportation energy is used for light 

duty vehicles [1]. While this satisfy our transportation needs, large 

amount of pollutants are released, causing severe air pollution. 

Advancements in combustion research are therefore required for 

reduction in emissions and to comply with strict regulations. 

Surrogate fuels are proposed to numerically mimic complex gasoline 

fuels. Surrogates consist of a few hydrocarbon molecules that are 

usually key components of gasoline fuels. Proposed surrogates should 

mimic real gasoline fuel properties and behavior. They should have 

similar key properties with real fuels, e.g. density, average molecular 

weight, hydrogen to carbon ratio, research octane number, motor 

octane number and octane density [2]. Besides fuel properties, 

surrogates should also have similar reactivity with real gasoline fuels. 

A successful surrogate should be able to represent real fuels on ignition 

delay time [3–5], flame speed [6] and speciation distributions in ideal 

reactors, e.g. jet stirred reactors (JSRs) [7–9] and laminar premixed 

flames [10].  

Among all the proposed surrogates for gasoline fuels, the simplest and 

most successful one is primary reference fuel (PRF). PRFs are binary 

mixtures of n-heptane and iso-octane. They can represent octane 

number of most real gasoline fuels, except for aromatics-rich and high 

octane sensitivity gasoline fuels [4]. Therefore, they are widely used 

for studying gasoline combustion chemistry and in advanced engine 

research [11,12]. Chemical kinetic models are well studied for n-

heptane and iso-octane. The first well known kinetic model for n-

heptane was proposed in 1998 by Curran et al. [13], and the latest 

update is by Zhang et al. in 2016 [14]. For iso-octane, the first kinetic 

model is proposed by Curran et al. in 1998 [15,16], and the latest 

update is by Atef et al. in 2017 [17]. After years of updates to the 

kinetic models, there still remains large gap to fill in model 

development. For the well-studied n-heptane, many oxygenated 

intermediates are recently detected and measured experimentally, but 

they were not included in the kinetic models [18]. Moreover, many 

speciation profiles cannot be well captured by kinetic model 

predictions. These non-regular emission species, e.g. ethylene, 

butadiene and formaldehyde, are important in atmospheric chemistry 

and pollutant modelling. Ethylene could pollute soil and water, and 

hamper the growth of crops [19]. Butadiene is a major precursor for 

soot formation, which can trigger human respiratory health issue [20]. 

Formaldehyde is a very toxic pollutant that can trigger leukemia and 

cancer [21]. Other species, e.g. propene, methane and ethane would 

also cause different health and environmental issues. 

Advancements in combustion kinetic modelling happened over the last 

years, however some shortages are still present for the kinetic 

modelling approach. First, it is time consuming to develop detailed 

kinetic model. Even for the most studied n-heptane kinetic model, it 

took over 20 years and the models are still being developed and 

updated. Second, emission species profiles cannot be well predicted by 

kinetic model. This would hamper predictions of non-regular emission 

of combustion engines. Finally, even the most accurate detailed kinetic 

models are still needed to be reduced before being applied on advanced 

engine design. Therefore, there is a growing need for a better and 

simpler approach to describe fuel behavior. 

Machine learning (ML) models could be a potential answer. Large 

amount of experimental data can be provided to these models to train 

on the data and give predictions. Since all the data is from experiments, 

discrepancies can be largely reduced. Furthermore, ML models are 
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purely mathematical, so no chemical kinetic model is required, which 

can save the time and effort for model development. ML models have 

been applied in numerous previous works on gasoline engines 

emissions [22], diesel engines emissions [23], atmospheric chemistry 

predictions [24] and pollutant predictions [25].  In this work, we 

developed ML models for PRFs oxidation in jet stirred reactor. A 

dataset of neat fuels and their mixtures, constituting of 10 neat fuels, 6 

primary reference fuels (PRF) and 6 FGX surrogates tested in jet 

stirred reactor, is used as training dataset for ML models. Both 

chemical kinetic model and ML predictions are compared with 

experimental data. ML models show better predictions than traditional 

kinetic model since ML models are trained directly on experimental 

data and is not subjected to any discrepancies that kinetic models have. 

This work introduces the application of ML for data interpretation on 

jet stirred reactor, and implies the great potential of application of 

machine learning to model other combustion chemistry phenomenon. 

Methodology 

Jet Stirred Reactor 

A combination of neat fuels and mixtures were considered for in this 

study, constituting of 10 neat fuels, 6 primary reference fuels (PRF) 

and 6 FGX surrogates. Jet stirred reactor (JSR) experiments of these 

fuels were performed at King Abdullah University of Science and 

Technology (KAUST), Saudi Arabia. Detailed description of the 

experimental setup can be found in previous literature [9]. A brief 

description is given here. Fused silica was used to make a spherical 

reactor (volume 76 cm3) to prevent wall reactions. Four opposing 

nozzles (ID 0.3 mm) were used as the inlets of the reactor to achieve 

perfect mixing by creating jet flow stirring. The mixing performance 

has been checked experimentally in previous work [26]. Fuels were 

vaporized at 450K and then diluted with nitrogen, which also 

functioned as a carrier gas to introduce fuel vapor into the spherical 

reactor through the inner capillary inlet. Diluted oxygen was 

introduced into the reactor through an outer quartz channel, so that 

oxygen and fuel would not mix until admission into the spherical 

reactor. A K-type thermocouple monitored reaction temperature inside 

the reactor. Temperature profiles inside the reactor were measured 

with pure nitrogen flow and showed good uniformity (gradient 

<3K/cm). Controlled by MKS mass flow controllers, the gas flow rates 

were adjusted with the reactor temperature to achieve fixed residence 

time inside the reactor. The gases were extracted through a quartz 

microprobe. Further gas reactions of the extracted gases were frozen 

by a pressure-drop in the sonic-throat gas sampling. Sampled gases 

were analyzed by Gas Chromatography. For all fuels, experimental 

conditions were set as following: fuel concentration 0.25%, 

equivalence ratio 1.0, residence time 1s, temperature range 750 – 1100 

K.  

Chemical kinetic modelling 

The chemical kinetic model used in this work is the latest version 

issued by Lawrence Livermore National Laboratory [27]. Sub-models 

of n-heptane and iso-octane are validated against ignition delay time, 

flame speed and speciation profiles. Simulation software used is 

Chemkin Pro [28]. Perfect stirred reactor model was used. Inlet 

composition, residence time, temperature and pressure are set in 

consistent with experiments. End time of simulation is set at 50s to 

ensure converged solutions. 

Feature Selection 

Features for machine learning model is a numerical vector that consist 

of information pertaining to input of data points in the dataset. Due to 

the less number of fuels considering in our dataset, we can only use 

dense feature space, meaning the number of features in feature space 

should be small. An option is to use the fraction of each component of 

the major components as features. However, there are 10 neat species 

above which we need to consider other major components in face 

Table 1. The fuel species dataset used in this study along with their functional groups used. 
 

primary secondary tertiary quaternary double bond cyclo-ring benzene ring 

n-butane 2 2 0 0 0 0 0 

cyclopentane 0 5 0 0 0 1 0 

cyclohexane 0 6 0 0 0 1 0 

n-hexane 2 4 0 0 0 0 0 

triptane 5 0 1 1 0 0 0 

1-hexene 1 3 0 0 1 0 0 

2,2,4-trimethyl-2-pentene 5 0 0 1 1 0 0 

toluene 1 0 0 0 0 0 1 

NC7H16 2 5 0 0 0 0 0 

IC8H16 5 1 1 1 0 0 0 

PRF 50 3.41 3.12 0.47 0.47 0 0 0 

PRF 64.5 4.02 2.31 0.67 0.67 0 0 0 

PRF 70 3.82 2.57 0.61 0.61 0 0 0 

PRF 84 3.86 2.53 0.62 0.62 0 0 0 

PRF 91.5 3.85 2.53 0.62 0.62 0 0 0 

PRF 95 3.85 2.53 0.62 0.62 0 0 0 

FGA 4.02 1.68 0.82 0.60 0 0 0 

FGC 3.69 1.73 0.64 0.55 0 0 0.05 

FGF 3.16 1.93 0.61 0.44 0.08 0 0.08 

FGG 2.45 1.73 0.37 0.18 0.08 0 0.32 

FGI 3.18 2.34 0.72 0.34 0.06 0 0.04 

FGJ 2.91 2.28 0.35 0.12 0 0 0.30 
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gasoline fuels that makes feature vector sparse. A more concise and 

broad feature space is one consisting of functional groups. This has 

been used for in previous studies to predict octane number [29] and for 

surrogate formulations [2]. In this study, we considered seven 

functional groups as the feature vector for machine learning models. 

This include number of primary, secondary, tertiary, quaternary 

carbons in fuel. Additionally, number of double bonds, number of 

cyclo rings and number of benzene rings are used. All the fuels used 

in our dataset are shown in Table 1 along with the values of seven 

features for each of these fuels. Additionally temperature is also used 

as eight input which is parameterized between 750 – 1100 K, 

depending on the experiment data for each fuel. 

Machine Learning Modelling 

Machine learning models 

Several machine learning (ML) models are currently being used. With 

the recent advances in computing capacity, advancements to the 

existing algorithms are being done along with development of new 

algorithms. Our goal in this work is to train a model based on data with 

a known continuous output value. Therefore, this is a supervised 

regression problem. A widely used model for supervised problems is 

support vector regression (SVR) [30], which works better for smaller 

datasets such as in this study. SVR uses concept of kernel to create a 

hyper-plane to fit the data, leaving some allowable error. The SVR 

function can be mathematically described by equation 1, where ε and 

𝜉𝑖 , 𝜉𝑖
∗ are positive numbers that describe the allowable error (ε) and 

additional error above ε for a data point i in the training set, 

respectively. In this work, radial basis function (RBF) kernel is used to 

determine < 𝜔, 𝑋𝑖 > in equation 1. The hyper-parameters that were 

tuned are regularization parameter (C) and epsilon (ε), shown in 

equation 1. Regularization parameter controls overfitting and is varied 

between 0.1 and 1000 in multiplication steps of 10. Epsilon is the 

allowable error margin in training the model and is varied between 10-

1 to 10-5 in steps of 10-1.  

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒𝜔,𝑏,𝜉𝑖 ,𝜉𝑖
∗    

1

2
‖𝜔‖2 + 𝐶 ∑ 𝜉𝑖 + 𝜉𝑖

∗

𝑛

𝑖=1

    . .  [1]  

𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 𝑌𝑖  − < 𝜔, 𝑋𝑖 > − 𝑏 ≤ 𝜀 + 𝜉𝑖   

                     < 𝜔, 𝑋𝑖 > + 𝑏 − 𝑌𝑖   ≤ 𝜀 + 𝜉𝑖
∗   

𝜉𝑖  , 𝜉𝑖
∗ ≥ 0      ∀ 𝑖 

Another effective ML model used for supervised regression problem 

is random forest regression (RFR). RFR is an additive model that 

makes predictions by combining decisions from a sequence of base 

models. Each of the base model is a decision tree trained over 

subsample of the full training dataset [31]. The hyper-parameters that 

are tuned for RFR are estimators, maximum depth, minimum sample 

required to split an internal node and minimum samples required to be 

at a leaf node. Estimators is the number of trees in a model and is varied 

between 1 to 64 in steps of 2. Maximum depth is varied between 1 to 

5. The other two hyper-parameters are varied between 0.1 to 0.5 in 

steps of 0.05. Along with the SVR and RFR, linear regression is also 

used for comparison in this work. More details about these three 

models can be found in scikit-learn documentation [32]. 

Results and discussion 

The machine learning model development consists of a workflow in 

which the data is divided into training, validation and test sets. The 

training set is first used to train a ML model and find the error on 

validation set. This training is repeated for all the hyper-parameter 

combinations to find the optimal hyper-parameters, that gives lowest 

validation error. These optimal hyper-parameters are then used to train 

the ML model on the training and validation set combined. This model 

is then used to find performance on test set. This test error represents 

the performance of a ML model on a dataset. The dataset used in this 

work consists of 10 neat species and 12 mixtures, which majorly are 

the mixtures of those neat species. Each of the 12 mixtures are set aside 

as test set once and the remaining mixtures and neat species are divided 

into training and validation sets in random manner. This process is 

done for all the ML models considered in this study viz. SVR, RFR 

and linear regression. 

Table 2: Performance of the machine learning models used in this study. 

Machine learning model Mean absolute 

error 

Regression score 

(%) 

Support vector regression 5.09E-05 97.75 

Random forest regression 1.27E-04 91.07 

Linear regression 2.69E-04 68.33 

 

The averaged test error metrics for the 12 mixture datasets are shown 

in Table 2 for the three ML models. As can be seen from the Table 2, 

SVR and RFR performs significantly better over linear regression. 

This is justifiable since the both SVR and RFR can capture non-linear 

relationship between functional groups and species concentration. 

Also, SVR performs marginally better over RFR. Therefore, further 

comparisons with kinetic modelling results will be done using SVR 

model. All the scripts are written in python using scikit-learn libraries 

[32] and are made available at GitHub repository 

(https://github.com/kiranyalamanchi/Speciation). 

 

Figure 1: Comparison of fuel profiles by experiments (o), kinetic modelling (
 ) and different machine learning methods: SVR (  ), LR ( ), RFR (  

 ). Different figures (a - i) corresponds to different fuel mixtures given in 

Table 1. 
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Comparison with kinetic modelling 

The performance of the machine learning models is compared with 

those of kinetic modelling as described in section 2.2. Figure 1 shows 

comparison for fuel profiles for the 12 fuels used in this study. Both 

the SVR and RFR models perform on par with the kinetic model; in 

few cases better than kinetic model viz. FGJ and PRF 95. It should be 

noted that although kinetic models are developed from the 

fundamental knowledge of reactions and thermodynamic data, many 

reaction rates are also optimized with in their uncertainty ranges. 

Therefore, a kinetic model can be considered as hybrid model 

consisting of both fundamental kinetic knowledge aswell as a 

regressed model over the global combustion parameters. Hence, a 

small discrepancy between experimental data and kinetic modelling 

can be observed. With machine learning models directly trained on 

global combustion parameters, the performance is still good without 

having any fundamental kinetic knowledge fed in to them.  

 

Figure 2: Comparison of CO profiles by experiments (o), kinetic modelling (
 ) and machine learning methods: SVR (  ), LR ( ), RFR (   ). 

Different figures (a -i) corresponds to different fuel mixtures given in Table 1. 

 

Figure 3: Comparison of CO2 profiles by experiments (o), kinetic modelling (

 ) and machine learning methods: SVR (  ), LR ( ), RFR (   ). 

Different figures (a -i) corresponds to different fuel mixtures given in Table 1.  

 Figure 2 and 3 shows CO and CO2 profiles for all the fuel 

cases. The SVR and RFR models are even more closer to that of kinetic 

model predictions than those of fuel profiles, except for PRF 91.5 and 

PRF 95. In both of these cases, the machine learning models tend to 

predict a positive value as the saturation value for low temperatures. 

This could be due to the changing slopes in the experimental data 

although the values are closer to zero. This could however be easily 

avoided by taking the saturation value as zero when the slope becomes 

zero. Figures A1 to A4 in the appendix shows the comparison for 

intermediate species profiles of hydrogen, methane, ethylene and 

propene. For the intermediate profiles, it is observed that the data 

driven models predict well over the kinetic model. 

Conclusions 

Hydrocarbon fuels emit a lot of pollutants up on their combustion, 

which needs to be monitored and controlled. The traditional approach 

to estimate these from kinetic modelling poses limitations. In this 

work, an alternative method is explored taking gasoline surrogate fuels 

as a test case. Two Machine Learning models SVR and RFR are 

compared against the kinetic modelling for 12 mixture fuels. This 

comparison is done for fuel consumption profiles and species fraction 

profiles of CO, CO2, H2, CH4, C2H4, C3H6. It is found that the machine 

learning models match the speciation profiles relative to kinetic 

modelling. This is therefore promising for future of modelling 

pollutants since there are significant advantages for data science 

models for speciation estimation: 

1) No fundamental chemistry information is needed to develop these 

models. 

2) It is inexpensive to both develop and use the machine learning 

models. 

3) As the new experimental data gets generated, these models can 

easily incorporate the new data. 

Therefore, machine-learning models can be alternatives for the 

pollutant speciation estimation provided there is a good database to 

build the models. As the new experimental data gets generated, the 

data science models become wider in their scope and in their potential. 
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Appendix 

Intermediate profiles: 

 

Figure A1: Comparison of hydrogen profiles by experiments, kinetic modelling and different machine learning methods. 

 

Figure A2: Comparison of methane profiles by experiments, kinetic modelling and different machine learning methods. 
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Figure A3: Comparison of ethylene profiles by experiments, kinetic modelling and different machine learning methods. 

 

Figure A4: Comparison of propene profiles by experiments, kinetic modelling and different machine learning methods. 

 

 


