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ABSTRACT 

A functional group approach for predicting fuel properties 

Abdul Gani Abdul Jameel 

 

Experimental measurement of fuel properties are expensive, require sophisticated 

instrumentation and are time consuming. Mathematical models and approaches for 

predicting fuel properties can help reduce time and costs.  

A new approach for characterizing petroleum fuels called the functional group approach 

was developed by disassembling the innumerable fuel molecules into a finite number of 

molecular fragments or ‘functional groups’. This thesis proposes and tests the following 

hypothesis, Can a fuels functional groups be used to predict its combustion properties?  

Analytical techniques like NMR spectroscopy that are ideally suited to identify and 

quantify the various functional groups present in the fuels was used. Branching index (BI), 

a new parameter that quantifies the degree and quality of branching in a molecule was 

defined. The proposed hypothesis was tested on three classes of fuels namely gasolines, 

diesel and heavy fuel oil. 

Five key functional groups namely paraffinic CH3, paraffinic CH2, paraffinic CH, naphthenic 

CH-CH2 and aromatic C-CH groups along with BI were used as matching targets to 

formulate simple surrogates of one or two molecules that reproduce the combustion 

characteristics. Using this approach, termed as the minimalist functional group (MFG) 

approach surrogates were formulated for a number of standard gasoline, diesel and jet 
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fuels. The surrogates were experimentally validated using measurements from Ignition 

quality tester (IQT), Rapid compression machine (RCM) and smoke point (SP) apparatus. 

The functional group approach was also employed to predict research octane number 

(RON) and motor octane number (MON) of fuels blended with ethanol using artificial 

neural networks (ANN). A multiple linear regression (MLR) based model for predicting 

derived cetane number (DCN) of hydrocarbon fuels was also developed. 

The functional group approach was also extended to study heavy fuel oil (HFO), a viscous 

residual fuel that contains heteroatoms like S, N and O. It is used in ships as marine fuel 

and also in boilers for electricity generation. 1H NMR and 13C NMR measurements were 

made to analyze the average molecular parameters (AMP) of HFO molecules. The fuel 

was divided into 19 different functional groups and their concentrations were calculated 

from the AMP values. A surrogate molecule that represents the average structure of HFO 

was then formulated and its properties were predicted using QSPR approaches. 
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Chapter 1: Introduction 

1.1 Background and motivation 

Petroleum, in one form or the other has been used for thousands of years. Natural asphalt was 

used in the construction of roads and towers in Babylon over 4000 years ago [1]. The Chinese 

started using petroleum as a fuel as early as the 4th Century B.C. and by 347 A.D. bamboo drilled 

wells were dug by them to produce oil [2]. It was not until 1859, when Edwin Drake drilled the 

first modern oil well near Titusville, Pennsylvania that the full potential of petroleum crude oil 

was begun to be harnessed. The invention of the modern internal combustion (IC) engine in 1876 

by Nikolaus Otto then placed crude oil as a key component that drives modern economy, 

geopolitics and technology. Though the contribution of renewable energy to meet the world’s 

energy demand is rising and expected to grow, fossil fuel derived energy still fulfils majority of 

the demand and the trend is likely to stay at least for the next few decades [3]. 

Petroleum refining transforms crude oil into a number of different fuels such as liquefied 

petroleum gas (LPG), naphtha, gasoline, jet fuel, diesel, fuel oils etc. and other useful products. 

Each of these fuels have their unique physical, chemical and thermochemical properties that 

differentiate them from each other and enable their use in targeted combustion applications. 

Gasolines are the least dense of the liquid transportation fuels varying between 0.71 - 0.77 kg/l 

and are primarily used in spark ignited (SI) - internal combustion (IC) engines. Gasoline ignition 

quality is expressed via octane rating which represents its tendency to resist knocking. Higher the 

octane number (ON), greater is the ability of the fuel to withstand high compression ratios 

needed for high performance. Diesel fuels are usually denser than gasolines and are compression 
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ignited (CI). The ignition quality of diesel is expressed using the cetane number (CN) and is an 

indicator of the compression needed for ignition. Fuels with high cetane values have shorter 

ignition delays and therefore require lesser time for combustion to be completed. 

Research octane number (RON) and motor octane number (MON) represent the two most 

commonly employed octane ratings used worldwide. RON is measured by running the fuel in a 

Co-operative fuel research (CFR) engine at standard test conditions as specified by ASTM D2699-

16 method [4] and comparing the results obtained with primary reference fuels (PRFs) i.e., 

mixture of 2,2,4-trimethylpentane (iso-octane) and n-heptane. The compression ratio resulting 

in knock is measured in the CFR engine and used to evaluate the RON of the test gasoline. MON 

is also measured in the CFR engine but with a preheated fuel under more intense conditions of 

engine speed and variable spark timing as specified by ASTM D2700-16a method [5]. 

One of the standard methods to measure the CN of a diesel fuel is the ASTM D613 [6] method 

which employs a single cylinder CFR engine. Two diesel primary reference fuels (PRF), i.e., n-

hexadecane and 2,2,4,4,6,8,8-heptamethylnonane (HMN), are utilized wherein n-hexadecane is 

assigned a CN of 100 and HMN a value of 15. The CN of a given fuel is measured from the blend 

of the diesel PRF that produces a similar ignition delay in the CFR engine. Another standard 

method of measuring fuel ignition quality is by  ASTM D6890 [7], which employs a constant 

volume combustion chamber known as the Ignition Quality Tester (IQT). The ignition delay time 

(IDT) of a fuel is measured by the IQT, defined as the time period between the lifting of the 

injector and the recovery of the combustion chamber pressure. The derived cetane number 

(DCN) is then calculated from the measured IDT values. Another similar method for measuring 
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the ignition quality is the ASTM D7170 [8] that uses a fuel ignition tester (FIT) to determining the 

DCN.  

These standard methods employed for measuring fuel ignition quality are expensive, time 

consuming and require specialized operators to handle the sophisticated instrumentation. This 

has warranted the need to develop mathematical models and approaches that can predict the 

combustion properties of fuels, thereby reducing the costs and time associated with the 

experimental measurement. As these tests are performed using standard instruments and at 

standard conditions, the measured value represents the nature of the fuel. Therefore 

characterizing a fuel’s chemical composition provides a way for predicting its properties. 

Practical fuels like gasoline and diesel contain, several hundred to thousands of different 

molecules and it is not possible to identify and quantify these molecules even with the present 

state of the art. But these large number of molecules are in turn made up of a small number of 

molecular fragments or ‘functional groups’ that decide the properties of the fuel. Identifying and 

quantifying these functional groups presents a simple way to sum up the diverse molecular 

information of the fuel and use the obtained data to predict its properties. This thesis proposes 

and tests this hypothesis, i.e. the properties of a fuel can be predicted by knowledge of its 

constituent functional groups.  

1.2 Outline of the dissertation 

This thesis tests the functional group approach on three classes of fuels namely, gasolines, diesel 

and heavy fuel oil. The outline of the dissertation is as follows, 
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Chapter 1: Introduction and motivation 

Chapter 2: Introduction to functional groups and a brief literature survey of works that hint the 

importance of functional groups in deciding fuel properties. Introduction to NMR spectroscopy 

and its suitability to identify and quantify various functional groups in complex petroleum fuels. 

Discussion of detailed methodology and formulae needed to calculate the functional groups. 

Introduction of a new term called as branching index (BI) that quantifies the degree and quality 

of branching in molecule and its calculation methodology. Importance of molecular weight as to 

why it’s necessary along with the functional groups and BI to characterize fuels. 

Chapter 3: Testing the functional group approach on gasolines. Introduction to surrogate 

formulation and conventional strategies employed to formulate surrogates for gasolines. 

Introduction to a new methodology for surrogate formulation called as “minimalist functional 

group (MFG)” approach. 1H NMR analysis of six FACE gasolines to identify and quantify their 

functional groups. Experimental validation of formulated MFG surrogates using measurements 

from Ignition quality tester (IQT), Rapid compression machine (RCM) and smoke point (SP) 

apparatus and discussion of results.  

Chapter 4: Introduction to octane number and development of an artificial neural network based 

model to predict research octane number (RON) and motor octane number (MON) of oxygenated 

gasolines using the functional group approach. Discussion of the effects of various functional 

groups on RON and MON. Testing the developed ANN model on a number of gasoline blends. 

Chapter 5: Testing the functional group approach on diesel and jet fuels. Surrogate formulation 

of 3 diesel fuels and 2 jet fuels using the MFG approach. 1HNMR experiments of the diesel fuels.  



21 
 

Experimental validation of the formulated surrogates using IQT measurements and discussion of 

the results. 

Chapter 6: Introduction to cetane number (CN) and derived cetane number (DCN). Development 

of a model to predict CN using the functional group approach and multiple linear regression 

(MLR). Discussion of the effects of various functional groups on DCN. Testing the developed MLR 

model on a number of gasoline and diesel blends. 

Chapter 7: Application of the functional group approach to heavy fuel oil (HFO). 1H NMR and 13C 

NMR analysis of HFO. Calculation of average molecular parameters (AMP) of HFO and using the 

obtained AMP to define and calculate 19 functional groups in HFO. Constructing a surrogate 

molecule for HFO that represents the fuels average structure and using it to predict its properties 

using QSPR approaches. 

Chapter 8: Conclusion and future work. 
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Chapter 2: Functional Groups: Identification and quantification 

2.1 What is a functional group? 

A functional group can be defined as any portion of a molecule composed of a group of atoms, 

which governs both its physical and chemical properties and chemical reactivity. Practical fuels, 

such as gasoline or diesel, comprise a large number of hydrocarbon molecules, which in turn 

contain a limited number of functional groups. It is these functional groups that mostly determine 

the combustion kinetic properties of the fuel [9]. The quantity and type of functional groups 

present in a compound also determine their physical properties (e.g., density [10], viscosity [10]), 

thermochemical properties (e.g., heat capacity [11], heat of formation [12], critical properties, 

etc.) and various combustion properties (e.g., flash point, cetane number, flame speed, etc. 

[13,14]). There is a strong correlation between the composition of different functional groups 

and the physical and chemical behavior of the fuel [16,17,21].  

Dooley et al. [15] studied jet fuel surrogates by disassembling the surrogate molecules into three 

molecular groups;   CH3, CH2 and C6H3X2CH2 (benzyl type), and found that the proportions of these 

groups in the fuel govern radical pool formation which defines the combustion behavior. It was 

found that, irrespective of the parent surrogate molecule, these molecular building blocks play a 

major role controlling chemical reactions. The CH3 and CH2 groups are the most common building 

blocks of (paraffinic) hydrocarbon fuels and Won et al. [16] have shown that the CH2/CH3 ratio 

and the metric 
𝐶𝐻2

𝐶𝐻3
∗ (𝐶𝐻2 + 𝐶𝐻3) can define the reactivity of low temperature alkylperoxy 

radicals in paraffinic fuels. CH2/CH3 ratio also governs the ignition delay of n-paraffin fuels in the 

boiling range of diesel fuels [17,18]. Though shown to be very constraining information, clearly 
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the simple CH2/CH3 molecular structure metric of Won et al. [16] is inadequate to differentiate 

the different combustion kinetic behaviors that are due to the isomeric arrangement of the 

fragments comprising such molecules. Here, it is well known that both the degree of branching 

(methylation) and position of the branching in the molecule are defining contributors to the 

combustion reactivity of the fuel. See for example the heptane isomers [19].  

The functional group additivity approach has been used for estimating the reaction rates by using 

the alkyl and free radical groups [20]. Sumathi et al. [21–23] predicted the reaction rates for a 

number of reaction sets used in kinetic models by extending Benson’s group additivity tables. 

Pepiot-Desjardin et al. [24]  used group additivity to predict the sooting tendencies of various 

fuels. Yang et al. [25] used the basic compositional data of jet fuels to predict the TSI in gas turbine 

combustors.  Mehl et al. [26] defined fuel surrogates for high molecular weight compounds by 

using pseudo components that contain the functional groups present in the target fuel. The 

functional group based lumping techniques employed by Ranzi et al. [27,28] at the CRECK 

modeling group in POLIMI replaced the long polymer chains with monomer pseudo species that 

participate in different reactions like initiation and abstraction. The developed model was able 

to successfully predict the thermo-gravimetric data. Lumping techniques have also been used to 

simulate the hydrocracking of petroleum hydrocarbon mixtures [29]. Structural group 

contribution methods have been proposed to predict the smoke point of pure hydrocarbons [30] 

and to interpret the sooting tendency of hydrocarbon fuels [24]. It has also been experimentally 

shown that different functional groups result in different sooting behaviors [31]. Therefore, it is 

evident that the fuels functional groups can be used to predict important combustion 

phenomenon as the chemical structure of the fuel is the fundamental defining feature. 
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2.2 NMR spectroscopy 

Calculating the functional groups in pure compounds and blends of known composition is 

straightforward but for hydrocarbon mixtures fuels such as diesel, it is a challenging task due to 

the presence of hundreds of different molecules with unknown composition. A suitable 

technique for studying complex petroleum fuels is nuclear magnetic resonance (NMR) 

spectroscopy, which is a powerful tool that makes use of the magnetic properties of nuclei.  The 

benefits of NMR methods are that they are accurate, highly predictable, and require short 

measurement time. Moreover solution NMR spectra are usually well resolved and can be used 

for both identification and quantification of compounds within simple mixture samples. The 

different functional groups that appear in fuels can be easily distinguished using NMR. Similar 

functional groups with different neighboring nuclei also give distinct signals that helps in their 

identification. This places NMR spectroscopy as one of the ideal methods to characterize complex 

petroleum fuels. NMR spectra are represented in terms of chemical shift (i.e. the resonant 

frequency of nuclei relative to a standard magnetic field) which is diagnostic the molecular 

structure.  Using NMR, fuels can be characterized in terms of molecular fractions or functional 

groups that make up all the constituent molecules.   Each functional group gives rise to peaks in 

the NMR spectra in their characteristic regions which makes NMR spectroscopy ideal to study 

complex hydrocarbon fuels.  Functional groups that are similar in structure produce distinct 

signals, which aids their identification and quantification. For example, 1H nuclei in paraffinic CH3 

groups usually appear between 0.25 – 0.94 ppm in the 1H NMR spectra, whereas the peaks 

corresponding to the 13C nuclei appear between 3 – 18.5 ppm in the 13C NMR spectra. The relative 

quantity of each nuclei type in the mixture can be calculated by the integral intensity of the 



29 
 

particular peaks divided by the sum of integral intensities of all peaks. NMR spectroscopy has 

been used for the structural characterization of various fuels like gasolines [32], diesel [33], shale 

oil distillates [34], coal tar pitch [35], pyrolysis oils [36–38], coal derived liquids [39], base oils 

[40], vacuum residues [41], asphalts [42], heavy fuel oil [9,43,44] and crude oil [45,46].  

2.3 Functional group calculation 

Transportation fuels like gasoline, diesel, jet fuel etc. are hydrocarbon fuels that are mostly 

composed of five molecular classes namely n-paraffins, iso-paraffins, olefins, naphthenes and 

aromatics. Oxygenates like ethanol are also sometimes added to gasolines as an octane booster. 

These fuels can be disassembled into seven underlying functional groups, namely paraffinic CH3 

groups, paraffinic CH2 groups, paraffinic CH groups, olefinic -CH=CH2 groups, naphthenic CH-CH2 

groups, aromatic C-CH groups and ethanolic OH groups. For pure hydrocarbons and hydrocarbon-

ethanol blends, these functional groups   can be calculated directly from the molecular structure 

and the compositional data. For example, n-heptane (MW= 100 g/mol) is composed of 2 

paraffinic CH3 groups (MW= 15 g/mol) and 5 paraffinic CH2 groups (MW= 14 g/mol). The weight 

% of paraffinic CH3 groups and paraffinic CH2 groups in n-heptane is 30 and 70, respectively. For 

a PRF mixture (n-heptane 40 vol%, 2,2,4-trimethylpentane 60 vol%), TPRF mixture (n-heptane 40 

vol%, 2,2,4-trimethylpentane 45 vol%, toluene 15 vol%)  and TPRF + ethanol mixture (n-heptane 

40 vol%, 2,2,4-trimethylpentane 35 vol%, toluene 15 vol%, ethanol 10 vol%) the functional groups 

(in weight %) can be calculated with the knowledge of density of the individual species. The 

calculated functional groups for the above 3 mixtures are presented in Figure 2-1.   
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Figure 2-1: Functional groups present in three sample mixtures. Composition of each mixture is 
as follows: PRF mixture (n-heptane 40 vol%, 2,2,4-trimethylpentane 60 vol%), TPRF mixture (n-
heptane 40 vol%, 2,2,4-trimethylpentane 45 vol%, toluene 15 vol%)  and TPRF + ethanol mixture 
(n-heptane 40 vol%, 2,2,4-trimethylpentane 35 vol%, toluene 15 vol%, ethanol 10 vol%) 

 
The functional groups were represented in the unit of ‘weight %’ and not as ‘mol %’. This is 

because mol % values may be slightly misleading in certain cases. For example, toluene contains 

one paraffinic CH3 group and one aromatic C-CH group (single ring). The mol % of each of these 

groups in one molecule of toluene is 50 %. This attributes a higher importance to paraffinic CH3 

group despite its lower molecular weight compared to the aromatic ring. This can be observed in 

"n-heptane-toluene" blends where the calculated mol % values of the paraffinic CH3 groups are 

15-20% higher than the weight % values. For real fuels like gasolines or gasolines containing 

ethanol, the functional groups can be calculated from their 1H NMR spectra which are 

represented in terms of chemical shifts, usually between 0 – 12 ppm.  The characteristic 1H NMR 
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structural assignments of the functional groups are presented in Table 2-1 and were taken from 

the works of Sarpal et al. [47], Basu et al. [48] and Abdul Jameel et al. [49] 

Table 2-1: 1H NMR assignments of the functional groups 

Chemical shift region 

(ppm) 

H type Integral 

intensity 

6.42 – 8.99 aromatics A 

4.50 – 6.42 olefinic CH and CH2 groups B 

2.88 – 3.40 α-CH C 

2.64 – 2.88 α-CH2 D 

2.04 – 2.64 α-CH3 E 

1.57 – 1.96 naphthenic CH and CH2 groups F 

1.39 – 1.57 paraffinic CH groups G 

0.94 – 1.39 paraffinic CH2 groups H 

0.25 – 0.94 paraffinic CH3 groups I 

3.68 – 3.78 ethanolic OH groups OH 

 Total (A+B+C+D+E+F+G+H+I+OH) T 

0.84 – 0.87 paraffinic CH3 groups connected to the 

longest chain towards the interior 

J 

1.35 – 1.39 paraffinic CH2 groups connected to the 

longest chain towards the interior 

K 

2.31 – 2.34 α-CH3 groups in the meta position with 

respect to other α-CH3 groups 

L 

2.17 – 2.19 α-CH3 groups in the para position with 

respect to other α-CH3 groups 

M 

   

The quantity of a functional group in the sample (in mole %) is calculated from the integral 

intensity of the characteristic peak divided by the integral intensities of all the peaks in the 

spectra, and then multiplying by 100. The quantity of the functional groups in weight % can then 

be calculated by knowledge of the total relative number of carbons in the group and the 
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molecular weight of the group. For example, paraffinic CH3 group has a molecular weight of 15 

and one carbon atom for every three hydrogen atoms in the group. The weight of paraffinic CH3 

group is then calculated by multiplying the mol % of the H atoms appearing in paraffinic CH3 

groups (namely I and E, see Table 2-1) with the molecular weight of the group (i.e.15) and then 

dividing by the number of hydrogen atoms (i.e.3) causing the peak. Multiplying the obtained 

value by 100 then gives the weight %. Similarly, paraffinic CH2 groups possess two hydrogen 

atoms for each carbon atom. The weight of paraffinic CH2 group is then calculated by the product 

of mole % of the H atoms that give rise to paraffinic CH2 peaks (namely D and H) with the 

molecular weight (i.e., 14) and dividing the total by the number of H atoms in the paraffinic CH2 

group (i.e., 2). The molecular weight of naphthenic CH-CH2 and olefinic -CH=CH2 groups were 

taken as 13.5 assuming that the hydrogen atoms are split equally between the CH and CH2 

groups. The contribution of quaternary carbon atoms that do not show up in the 1H NMR spectra 

were included in the aromatic C-CH group, and were calculated by considering the CH, CH2 and 

CH3 groups that appear in α position to the rings. The formulae required to calculate the 

functional groups discussed above are reported in Table 2-2.  Example calculation of functional 

groups of a few standard gasolines along with the uncertainties associated with the chemical 

shifts and the formulae are discussed in appendix A. 
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Table 2-2: Formulas used to calculate the weight % of the functional groups 
Functional groups H type 

(mol %) 
Weight 
(arb.unit) 

Weight 
(%) 

Paraffinic CH3 𝑀𝑃𝐶𝐻3

=
(𝐼 + 𝐸)

𝑇
∗ 100 

𝐺𝑃𝐶𝐻3
=

𝑀𝑃𝐶𝐻3
∗ 15

3
 𝑊𝑃𝐶𝐻3

=
𝐺𝑃𝐶𝐻3

∗ 100

𝐺𝑃𝐶𝐻3
+ 𝐺𝑃𝐶𝐻2

+ 𝐺𝑃𝐶𝐻
+ 𝐺𝑂𝐶𝐻.𝐶𝐻2

+ 𝐺𝑁𝐶𝐻.𝐶𝐻2
+ 𝐺𝐴𝐶.𝐶𝐻

+ 𝐺𝑂𝐻
 

Paraffinic CH2 𝑀𝑃𝐶𝐻2

=
(𝐻 + 𝐷)

𝑇
∗ 100 

𝐺𝑃𝐶𝐻2
=

𝑀𝑃𝐶𝐻2
∗ 14

2
 𝑊𝑃𝐶𝐻2

=
𝐺𝑃𝐶𝐻2

∗ 100

𝐺𝑃𝐶𝐻3
+ 𝐺𝑃𝐶𝐻2

+ 𝐺𝑃𝐶𝐻
+ 𝐺𝑂𝐶𝐻.𝐶𝐻2

+ 𝐺𝑁𝐶𝐻.𝐶𝐻2
+ 𝐺𝐴𝐶.𝐶𝐻

+ 𝐺𝑂𝐻
 

Paraffinic CH 𝑀𝑃𝐶𝐻

=
(𝐺 + 𝐶)

𝑇
∗ 100 

𝐺𝑃𝐶𝐻
=

𝑀𝑃𝐶𝐻
∗ 13

1
 𝑊𝑃𝐶𝐻

=
𝐺𝑃𝐶𝐻

∗ 100

𝐺𝑃𝐶𝐻3
+ 𝐺𝑃𝐶𝐻2

+ 𝐺𝑃𝐶𝐻
+ 𝐺𝑂𝐶𝐻.𝐶𝐻2

+ 𝐺𝑁𝐶𝐻.𝐶𝐻2
+ 𝐺𝐴𝐶.𝐶𝐻

+ 𝐺𝑂𝐻
 

Olefinic CH-CH2 
𝑀𝑂𝐶𝐻.𝐶𝐻2

=
𝐵

𝑇
∗ 100 𝐺𝑂𝐶𝐻.𝐶𝐻2

=
𝑀𝑂𝐶𝐻.𝐶𝐻2

∗ 13.5

1.5
 𝑊𝑂𝐶𝐻.𝐶𝐻2

=
𝐺𝑂𝐶𝐻.𝐶𝐻2

∗ 100

𝐺𝑃𝐶𝐻3
+ 𝐺𝑃𝐶𝐻2

+ 𝐺𝑃𝐶𝐻
+ 𝐺𝑂𝐶𝐻.𝐶𝐻2

+ 𝐺𝑁𝐶𝐻.𝐶𝐻2
+ 𝐺𝐴𝐶.𝐶𝐻

+ 𝐺𝑂𝐻
 

Naphthenic CH-CH2 
𝑀𝑁𝐶𝐻.𝐶𝐻2

=
𝐹

𝑇
∗ 100 𝐺𝑁𝐶𝐻.𝐶𝐻2

=
𝑀𝑁𝐶𝐻.𝐶𝐻2

∗ 13.5

1.5
 𝑊𝑁𝐶𝐻.𝐶𝐻2

=
𝐺𝑁𝐶𝐻.𝐶𝐻2

∗ 100

𝐺𝑃𝐶𝐻3
+ 𝐺𝑃𝐶𝐻2

+ 𝐺𝑃𝐶𝐻
+ 𝐺𝑂𝐶𝐻.𝐶𝐻2

+ 𝐺𝑁𝐶𝐻.𝐶𝐻2
+ 𝐺𝐴𝐶.𝐶𝐻

+ 𝐺𝑂𝐻
 

α-CH 
𝑀α−CH =

𝐶

𝑇
∗ 100 

  

α-CH2 
𝑀α−CH2

=
𝐷

𝑇
∗ 100 

  

α-CH3 
𝑀α−CH3

=
𝐸

𝑇
∗ 100 

  

Aromatic C-CH 
𝑀𝐴𝐶.𝐶𝐻

=
𝐴

𝑇
∗ 100 𝐺𝐴𝐶.𝐶𝐻

=
𝑀𝐴𝐶.𝐶𝐻

∗ 13

1
+

𝑀α−CH ∗ 13

1

+
𝑀α−CH2

∗ 14

2
+

𝑀α−CH3
∗ 15

3
 

𝑊𝐴𝐶.𝐶𝐻
=

𝐺𝐴𝐶.𝐶𝐻
∗ 100

𝐺𝑃𝐶𝐻3
+ 𝐺𝑃𝐶𝐻2

+ 𝐺𝑃𝐶𝐻
+ 𝐺𝑂𝐶𝐻.𝐶𝐻2

+ 𝐺𝑁𝐶𝐻.𝐶𝐻2
+ 𝐺𝐴𝐶.𝐶𝐻

+ 𝐺𝑂𝐻
 

Ethanolic OH 
𝑀𝑂𝐻 =

𝑂𝐻

𝑇
∗ 100 𝐺𝑂𝐻 =

𝑀𝑂𝐻 ∗ 17

1
 𝑊𝑂𝐻 =

𝐺𝑂𝐻 ∗ 100

𝐺𝑃𝐶𝐻3
+ 𝐺𝑃𝐶𝐻2

+ 𝐺𝑃𝐶𝐻
+ 𝐺𝑂𝐶𝐻.𝐶𝐻2

+ 𝐺𝑁𝐶𝐻.𝐶𝐻2
+ 𝐺𝐴𝐶.𝐶𝐻

+ 𝐺𝑂𝐻
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2.4 Branching index (BI) 

Functional groups control combustion properties across a range of conditions, but studies have 

shown that different isomers with the same functional groups have different octane/cetane 

number and low temperature reactivity (e.g., 2-methylheptane and 3-methylheptane [50–54]) 

because the arrangement of functional groups differs.   It is well established that the rate of low 

temperature oxidation is governed by the functional groups in a fuel [55].  Furthermore, the 

position of the functional groups, such as alkyl substitutions, influences low temperature 

reactivity by controlling the rate of isomerization reactions (e.g., RO2=QOOOH [56]).  In n- and 

iso-paraffins, the sequence of CH2 groups governs low temperature reactivity by influencing the 

rate of RO2 and O2QOOH isomerization’s via 6- and 7-membered transition state rings.  The 

introduction of alkyl substitutions hinders low temperature reactivity; both the number and 

position of these substitutions are important [57].  Similarly, alkyl substitutions in aromatics 

influence low temperature reactivity by introducing functional groups that participate in low 

temperature radical isomerization reactions.  Both the length and position of alkyl substitutions 

in aromatics affects is important, as evidenced by comparing the reactivity of ethyl benzene and 

various xylene isomers [58–60].  For the aforementioned reasons, we have recently introduced a 

BI term to quantify the arrangement of functional groups in a molecule. The location of important 

functional groups (e.g., alkyl substitutions) in the BI is determined by a position index (PI) term. 

It is well established in the literature on octane number (ON) and cetane number (CN) of pure 

compounds and blends [61,62] that branching of the carbon chain has a positive effect on the 

ON and a negative effect on CN.  With all else equal, the higher the degree of branching (i.e., 
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number of alkyl substitutions), higher is the ON [63] and lower is the CN [49]. Though the effects 

of branching on fuel thermochemical and combustion properties has been acknowledged in a 

number of works, there has not been a systematic study to quantify this effect. Some studies [64] 

have tried to quantify branching in iso-paraffins by the CH3/CH2 ratio, but this parameter does 

not explain the branching in molecules in which the CH2 group is absent (e.g., iso-butane, 2,4-

dimethylbutane, neo-pentane etc.). The CH3/CH2 ratio also cannot rationalize the effects of alkyl 

substitution position on CN number.  For example, 2-methylheptane has a DCN 52.6 and 3-

methylheptane has DCN 45, while both have the same CH3/CH2 ratio. Also, this parameter gives 

a positive branching value for n-paraffins, but it would be ideal to have this value as zero since 

they are not branched. In general, the number of paraffinic CH3 groups present in a molecule or 

a hydrocarbon mixture indicates the degree of branching, with more paraffinic CH3 groups 

pointing to a highly branched fuel. The number of paraffinic CH2 groups represents the degree of 

linearity of the fuel. If the structure is highly linear it has a higher CN (and a lower ON) because 

low temperature peroxy radical isomerization reactions, which result in radical chain branching 

and ignition, are faster between CH2 groups [65,66]. 

Here, we propose a new parameter termed branching index (BI) to quantify the extent and quality 

of branching in a molecule. For straight chain, n-paraffinic and olefinic molecules the value of BI 

is assumed to be 0. For iso-paraffins, BI is defined in Equation 2-1. 

𝐵𝐼𝑖−𝑝 =
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶 𝑎𝑡𝑜𝑚𝑠 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑡𝑜 𝑡ℎ𝑒 𝑙𝑜𝑛𝑔𝑒𝑠𝑡 𝑐ℎ𝑎𝑖𝑛+𝑃𝐼 𝑜𝑓 𝑒𝑎𝑐ℎ 𝐶 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑡𝑜 𝑡ℎ𝑒 𝑙𝑜𝑛𝑔𝑒𝑠𝑡 𝑐ℎ𝑎𝑖𝑛 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶 𝑎𝑡𝑜𝑚𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑙𝑜𝑛𝑔𝑒𝑠𝑡 𝑐ℎ𝑎𝑖𝑛
   

     (2-1)  
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Where PI in the above equation is the Position Index. From the experimental CN of iso-paraffins, 

it can be seen that when a branch connected to the longest chain is at the outermost position, 

then the CN is high compared to when the branch moves towards the interior. This is due to the 

fact that when the methyl group is at the outermost position there is a longer sequence of 

uninterrupted secondary (CH2) groups that facilitate low temperature chain branching reactions 

leading to ignition [57].  The PI can be calculated using the below equations. 

PI = 0, if the C atom is connected to the outermost position of the longest chain (2-2) 

PI = 0.5, if the C atom is connected 1 position away from the outermost position on the longest 

chain      (2-3) 

PI = 0.5 + 0.5, if the C atom is connected 2 positions away from the outermost position on the 

longest chain     (2-4) 

To explain the calculation of the BI, let’s take the example of 3-methylhexane. It has 6 carbon 

atoms in its longest chain and 1 carbon atom connected to this longest chain. This carbon atom 

(3-methyl) is 1 position away from the outermost position and therefore has a PI value of 0.5. 

Using the definition of BI, 3-methylhexane has a BI of 0.25 and 2-methylhexane has a BI of 0.167. 

This explains the lower DCN of 3-methylhexane (42) compared to the DCN of 2-methylhexane 

(43.5), even though both these molecules have the same functional groups. The calculation of BI 

for a few iso-paraffinic molecules is shown in Figure 2-2. In this approach branched olefins are 

also treated similar to iso-paraffins to calculate the BI. 
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Figure 2-2: Calculation of BI of iso-paraffins 

Equation 1, however cannot be used to calculate the BI of molecules that contain aromatic or 

naphthenic rings and therefore another equation (Equation 2-5) is defined to quantify the effect 

of branching in ringed structures. 

𝐵𝐼𝑟𝑖𝑛𝑔𝑠 = 𝑅𝐶 +

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶 𝑎𝑡𝑜𝑚𝑠 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑡𝑜 𝑡ℎ𝑒 𝑙𝑜𝑛𝑔𝑒𝑠𝑡 𝑐ℎ𝑎𝑖𝑛+𝑃.𝐼 𝑜𝑓 𝑒𝑎𝑐ℎ 𝐶 𝑎𝑡𝑜𝑚 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑡𝑜 𝑡ℎ𝑒 𝑟𝑖𝑛𝑔 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐶 𝑎𝑡𝑜𝑚𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑙𝑜𝑛𝑔𝑒𝑠𝑡 𝑐ℎ𝑎𝑖𝑛
  (2-5) 

where the term RC is called as the ring contribution. Here the rings themselves are viewed as 

highly branched structures. Ring contribution for every aromatic ring present in the molecule is 

given a value of 1 and for every naphthenic ring it is 0.5. This difference in the defined values is 

because aromatic rings tend to have a greater effect on fuel properties than naphthenic rings. To 

apply Equation 2-5, the rings should be thought of as a single carbon atom and the structure re-

drawn similar to an iso-paraffin. The PI in this case is defined using the equations below. 

PI = 0, if the C atom is connected in the ortho position in the ring    (2-6) 
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PI = 0.5, if the C atom is connected in the meta position in the ring   (2-7) 

PI = 1, if the C atom is connected in the para position in the ring    (2-8) 

Let’s take the example of 1,2,4-trimethylbenzene to explain the calculation of the BI. If the ring 

were to be thought of as a single carbon atom, then the structure could be re-drawn to a 

representation equivalent to that of iso-butane. Here there are 3 carbon atoms in the longest 

chain and 1 carbon atom connected to this longest chain. Since the carbon atom in the methyl 

group in position 4 is in the meta position with respect to the other carbon atoms, it has a PI of 

0.5. The other carbon atoms in position 1 and 2 each have a PI of 0. Therefore the BI for 1,2,4-

trimethylbenzene is 1.5. Figure 2-3 shows the BI calculation for a few aromatic and naphthenic 

molecules.  

 

Figure 2-3: Example of calculation of BI of aromatic and naphthenic molecules 
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The BI of a molecule can be calculated using the above definitions, but they cannot be used to 

calculate the BI of a hydrocarbon mixture like gasoline or diesel of unknown composition. 

Therefore, we propose a formula to calculate the BI of hydrocarbon mixtures using 1H NMR 

spectra, similar to the formulae in Equation 2-1 and 2-5. The BI of a mixture is calculated as the 

sum of BIs of the iso-paraffin molecules and the ringed molecules present in the mixture as given 

in Equation 2-9. 

𝐵𝐼𝑚𝑖𝑥 = 𝐵𝐼(𝑖−𝑝)𝑚𝑖𝑥
+ 𝐵𝐼(𝑟𝑖𝑛𝑔𝑠)𝑚𝑖𝑥

     (2-9)  

𝐵𝐼(𝑖−𝑝)𝑚𝑖𝑥
=

[𝐶𝐻3]+𝑃.𝐼

[𝐶𝐻2]+[𝐶𝐻]
     (2-10)  

In Equation 2-10, the terms [CH3], [CH2] and [CH] stands for the number of paraffinic CH3, 

paraffinic CH2 and paraffinic CH groups present in the iso-paraffin molecules in the mixture. The 

term [CH2] + [CH] can be thought of as representing the number of carbon atoms in the longest 

chain and [CH3] represents the carbon atoms connected to this chain. The hydrogen atoms 

present in paraffinic CH3 and paraffinic CH2 groups that are connected towards the interior of a 

long chained molecule usually lie in the region of 0.84 – 0.87 and 1.35 – 1.39 ppm, respectively, 

and therefore these groups ideally represent the PI and can be used to calculate the it. Equation 

2-10 can be re-written to calculate the BI of iso-paraffins in a mixture using Equation 2-11, 

𝐵𝐼(𝑖−𝑝)𝑚𝑖𝑥
=

𝐼/3+𝐽/3+𝐾/2

𝐻/2+𝐺
     (2-11) 

The terms J, K, L and M are defined in Table 2-1.The BI of ringed molecules in a mixture is defined 

in Equation 2-12. 

𝐵𝐼(𝑟𝑖𝑛𝑔𝑠)𝑚𝑖𝑥
= 𝑅𝐶𝑚𝑖𝑥 +

[𝛼.𝐶𝐻3]+𝑃.𝐼

𝑛∗[𝛼.𝐶𝐻2]+[𝛼.𝐶𝐻]
     (2-12)  
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where the terms [α-CH3], [α-CH2] and [α-CH] stand for the number of CH3, CH2 and CH groups in 

α position to an aromatic ring, respectively. The term ‘n’ represents the average length of the 

chain connected to the ring. For gasolines this term has been shown as 2 [67] from the PIONA 

analysis of a number of gasoline fuels. The hydrogen atoms in α-CH3 groups usually appear in 

meta positions with respect to other α-CH3 groups in the region 2.31 – 2.33 ppm and para 

position in the region 2.17 -2.19. The number of these groups can be used to calculate the PI term 

in Equation 12. The α-CH2 groups have not been included in the definition of the PI to limit the 

complexity and therefore the PI of only the methyl groups connected to the rings have been 

considered. The ring contribution of the mixture can be calculated with the knowledge of the 

average number of aromatic and naphthenic rings in the mixture given by the Equation 2-13, 

 𝑅𝐶𝑚𝑖𝑥 =
𝐴

𝑇∗4
+ 0.5 ∗

𝐹

𝑇∗10
     (2-13)  

where the terms A, T, and F are determined from the NMR spectra as defined in Table 2-1; the 

term 
𝐴

𝑇
 represents the fraction of aromatic hydrogens in the mixture. There is one aromatic ring 

for every 6 aromatic hydrogen atoms, and assuming 2 carbons in the ring are non-protonated, 

an aromatic ring is present in the mixture for every 4 hydrogen atoms. Therefore the term, 
𝐴

𝑇∗4
 

gives the average number of aromatic rings in the mixture. The term 
𝐹

𝑇
 represents the fraction of 

naphthenic hydrogen atoms in the mixture, and assuming that every naphthenic ring is composed 

of 10 hydrogen atoms (cyclopentane), then the term 
𝐹

𝑇∗10
 represents the average number of 

naphthenic rings in the mixture. And hence the term 0.5 ∗
𝐹

𝑇∗10
 represents the ring contribution 

from naphthenic rings. The BI for ringed molecules in the mixture can then be calculated using 

Equation 2-14. 
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𝐵𝐼(𝑟𝑖𝑛𝑔𝑠)𝑚𝑖𝑥
=

𝐴

𝑇∗4
+ 0.5 ∗

𝐹

𝑇∗10
+

𝐸/3+(𝐿+𝑀)/3

𝐷/2+𝐶
     (2-14)  

The BI for the entire hydrocarbon mixture can be calculated using Equation 2-15. 

𝐵𝐼𝑚𝑖𝑥 =
𝐼/3+𝐽/3+𝐾/2

𝐻/2+𝐺
+  

𝐴

𝑇∗4
+ 0.5 ∗

𝐹

𝑇∗10
+

𝐸/3+(𝐿+𝑀)/3

𝐷/2+𝐶
     (2-15) 

To check the validity of Equation 2-15, a detailed hydrocarbon analysis (DHA) [68] of 8 gasoline 

fuels was carried out. All the individual molecules present in the gasoline were identified and 

quantified. The BI of all the molecules were calculated and multiplied according to their 

respective mole fractions. The values were then summed up to yield the measured BI of the fuel. 

The BI of the same fuels was also calculated from 1H NMR spectra using Equation 2-15. The values 

reported in Table 2-3 demonstrate a reasonable level of agreement between the DHA calculated 

BI and that calculated by NMR.  

Table 2-3: Comparison of the measured and calculated Branching Index (BI) 

Fuel BI 
(measured using DHA) 

BI 
(calculated using 1H NMR) 

FACE A gasoline 0.42 0.49 

FACE C gasoline 0.31 0.37 

FACE F gasoline 0.68 0.65 

Face G gasoline 0.76 0.82 

Face I gasoline 0.38 0.42 

Face J gasoline 0.68 0.64 

Halterman gasoline 0.67 0.72 

Coryton gasoline 0.74 0.83 

   

2.5 Molecular weight 

It has been shown that the average molecular weight of the fuel is a useful measure to regulate 

the rate of fuel diffusion in the gas phase [69], which is important in many transport dominated 

combustion processes. The transport weighted enthalpy [70] can be matched by matching the 
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fuel’s enthalpy of combustion and the average molecular weight of the fuel; the former property 

depends on the total bond dissociation energy contained in distinct functional groups. The 

average carbon number of molecules observed in gasolines is around 7, and a mismatch could 

result in loss of fidelity in reproducing the combustion kinetic behavior. Molecular weight of a 

fuel has a significant effect on its physical properties like density, viscosity and specific gravity. 

When the degree of branching is held constant, the ON of iso-paraffinic molecules generally 

decreases with increase in molecular weight [63]  whereas the CN increases with increase in 

molecular weight [49].  

The above seven functional groups along with BI and molecular weight possess enough 

information of the fuel’s molecular diversity to be able to predicts various combustion relevant 

phenomenon. 
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Chapter 3: Gasoline surrogate formulation 

3.1 Introduction  

Transportation fuels, such as gasoline [71] are complex hydrocarbon mixtures containing 

hundreds to thousands of individual molecules. Identifying and quantifying all of these molecules 

is challenging, which complicates modeling of their combustion behavior. Therefore, surrogate 

fuels (usually mixtures of two or more pure components) are formulated to mimic one or more 

of the target fuel’s physical and chemical properties (e.g., density, average molecular weight, 

distillation characteristics, viscosity, surface tension, H/C ratio, heat of combustion etc.) and 

combustion properties (e.g., laminar flame speed, sooting tendencies, pollutant formation, etc.). 

This facilitates creating detailed chemical kinetic models of fuel surrogates needed to simulate, 

design and optimize the combustion in the engine. Surrogate fuels are also useful in developing 

standardized mixtures for reproducible experiments. These can be easily prepared with 

knowledge of the composition of the pure components present therein, thus enabling the 

possibility of experimental repeatability in different locations without the complications posed 

by fuel variability.  

There has been significant research carried out to develop suitable surrogates for gasolines 

[68,72–80]. One of the common approaches in formulating surrogates for gasolines is to match 

the chemical reactivity of the target fuel at certain standard conditions with primary reference 

fuels (PRFs), i.e., mixtures of iso-octane (2,2,4-trimethylpentane) and n-heptane [81]. The ignition 

delay data measured in a Co-operative Fuel Research (CFR) engine is utilized to measure the 

antiknock quality of the fuel (i.e., research and motor octane numbers). The composition of the 
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PRF that matches the knocking characteristics of the target fuel, as specified by the ASTM 

methodologies such as ASTM D2699-15a [4] for Research Octane Number (RON) and ASTM 

D2700-16 [5] for Motor Octane Number (MON), are specified as the surrogates.  

Apart from antiknock quality, other constraints like the physical and chemical properties of the 

target fuel may also be matched depending upon the type of engine application. 

Hydrogen/Carbon (H/C) ratio of the fuel, which is necessary to calculate the fuel/air ratio, 

significantly determines the amount of heat released during combustion. It also dictates the 

amount of carbon dioxide and water formed. Though H/C ratio is a global value, it helps shed 

light on the molecular diversity of the fuel, as it is the result of relative content of paraffins, 

aromatics, naphthenes and olefins. Aromatic rings have H/C close to unity, while paraffins having 

H/C closer to 2. The H/C also constrains the identity and population of the radical pool, which has 

been suggested to be the fundamental driver for the occurrence of phenomena which are 

strongly chemical kinetic in nature, such as induction time, flame velocity and diffusive extinction 

limits [15]. The Derived Cetane Number (DCN) is calculated from the IDT measured in an IQT; it 

helps to relate the ignition quality of a fuel with its molecular structure [15]. The H/C ratio and 

DCN are important constraints in controlling the kinetic behavior. Other parameters, such as 

functional groups (collections of atoms giving distinct chemically reacting behaviors), carbon 

types, threshold sooting index (TSI), density, distillation curve, etc. have also been used as targets 

in developing surrogates. Surrogate fuel formulation strategies and the necessary fuel property 

targets have been discussed in detail  [82,71,76,83–85]. 
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3.2 Minimalist functional group (MFG) approach 

This study presents a new methodology to develop fuel surrogates by matching a group of 

molecular fragments or “functional groups” that are readily identifiable and quantifiable in the 

target fuel by 1H NMR spectroscopy, while at the same time minimizing the number of surrogate 

molecules used to match the functional groups. The methodology is hence denoted as the MFG 

approach. We hypothesize that the functional group distribution serves as an indicator of 

distinctly reacting chemical functionalities, which are finite arrangements of several adjacent 

functional groups that govern chemical reactivity. For example, it is well known that 

trimethylene, -CH2CH2CH2- is a limiting chemical functionality for the occurrence of low 

temperature alkylperoxy radical isomerization leading to chain-branching. In practical fuels, this 

chemical functionality can be difficult to identify by NMR spectroscopy, but the constituent CH2 

functional group is easily quantifiable and gives a clear indication of the presence of the larger 

functionality. 

Previous surrogate fuel formulation approaches [82,68,83–86] matched the hydrocarbon class 

distribution by including many species from different classes in the surrogate. Violi et al. [87] 

used up to 6 components in their surrogate for JP-8 aviation fuel. The surrogate components 

were selected based on the broad hydrocarbon classes (paraffins, iso-paraffins, naphthenes, 

aromatics) in the fuel. The existence of chemical mechanisms for the species was also used as a 

criteria for component selection besides the need for molecules to be simplistic. This work is 

novel because we focus on matching functional groups (i.e. the objective function) making up 

these hydrocarbon classes, which is a more fundamental approach.  We also demonstrate that 
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as little as one or two molecules can be used to match the fuel functional groups to formulate 

surrogates of practical gasoline fuels.  

It is accepted that a surrogate with more components can do a better job in replicating fuel 

behavior. The recent surrogates formulations [15,25,56,84,85,87] reported in the literature 

generally tend to increase the complexity of the surrogate by adding more species, which has 

made the entire process of surrogate formulation cumbersome and expensive. We show that 

simple surrogates when formulated with knowledge of a fuels functional groups can do a near-

equal job as more complex surrogates. Five functional groups; CH3, paraffinic CH2, paraffinic CH, 

naphthenic CH-CH2 and aromatic C-CH were selected to describe the series of standard gasoline 

fuels used as candidates to test the approach. Gasolines are mostly composed of four molecular 

classes (namely n-paraffins and iso-paraffins, olefins, naphthenes and aromatic), and, initially, an 

attempt was made to design a single average molecule that could match all the functionalities in 

the fuel. However, such designer molecules are not commercially available and/or are too 

expensive to be synthesized. Thus in the present work in order to have surrogates molecules that 

could be procured for experimental testing, this attempt was abandoned. Therefore, our MFG 

approach permitted a maximum of two molecules to match the functional groups in the target 

fuel.   

When different types of functional groups are chosen, such that they contain most of the 

structural information of the target fuel, additional properties are likely to be matched, such as 

thermochemical properties, intermediate species formation, and the radical pool.  Recently Yu 

et al. [88] formulated a surrogate mixture for biodiesel comprising methyl-9-decenoate, 1,4-
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dihexadiene and n-dodecane considering four functional groups such as -CH3, -CH2, -CH2-CH=CH- 

and -COO-CH3. Five functional groups, i.e., CH3, CH2, CH, C and phenyl, have been used to 

generate surrogate mixtures for jet fuels [88]. Won et al. [56] have demonstrated that the 

combustion performance of complex fuels can be reproduced by formulating surrogates based 

on  four combustion property targets namely H/C ratio, TSI, average molecular weight and DCN. 

These targets, which were used for surrogate emulation of aviation kerosene fuels, effectively 

constrained the functional group distribution seen in the fuel. Therefore, it is evident that 

functional groups can be used as a target property in developing surrogates for practical fuels, in 

order to reproduce important combustion phenomenon. Indeed, the chemical structure of the 

fuel is the fundamental defining feature. 

In the present work, we formulate surrogates for gasoline fuels using a minimal number of 

species, so as to unambiguously test the functional group principle. In doing so, the number of 

species and reactions required for detailed chemical kinetic models will also be reduced, thus 

making realistic combustion simulations with detailed chemistry more viable. Gasoline surrogate 

mixtures currently presented in the literature perform reasonably well in matching the selected 

properties of target gasolines, but their application to practical engine simulations has been 

limited. One major concern is that developing accurate detailed chemical kinetic models for many 

surrogate species is difficult, as it requires many experiments and theoretical calculations. 

Furthermore, detailed chemical kinetic models for gasoline surrogates contain thousands of 

species and reactions, which requires enormous computational expenses when performing 

simulations. For example, Lawrence Livermore National Laboratory’s detailed kinetic model for 

a four component RD-387 gasoline surrogate [76] contains 1388 species and 5933 reversible 
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reactions, while the detailed model for a five component surrogate by Pudupakkam et al. [89] 

consists of 2099 species and 9789 reactions.  The FACE gasoline surrogate mechanism developed 

by Sarathy et al. [86] has 2406 species and 9633 reactions. 

Various surrogate formulation strategies reported in the literature generally tend to add more 

species to match a broad range of target properties, thereby increasing the complexity of the 

surrogate. Binary mixtures of n-heptane and iso-octane (PRFs) have been specified as suitable 

surrogates for matching the ignition characteristics of alkane-rich FACE gasolines A and C [2, 43] 

across a range of conditions because the target fuels primarily comprise n- and iso- paraffins. 

Bhavani Shankar et al. [81] experimentally evaluated PRFs as surrogates for four low sensitivity 

gasoline fuels (FACE A, C, I and J) under kinetically controlled Homogenous Charge Compression 

Ignition (HCCI) conditions in a CFR engine; they found that using RON based surrogates were 

adequate for reproducing the heat release characteristics for low sensitivity, alkane-rich 

gasolines. Ternary fuel mixtures of n-heptane, iso-octane and toluene, termed as Toluene 

Primary Reference Fuel (TPRF), have also been used as gasoline surrogates [90–93]. Mehl et al. 

[76] developed a surrogate for gasoline RD-387 containing four components (TPRF and 2-

pentene) that matched the ignition behavior better than a TPRF surrogate. Naik et al. [94] 

proposed a five component gasoline surrogate (TPRF, 1-pentene and methylcyclohexane) by 

including one representative fuel from each of the chemical classes present in the target gasoline. 

Pudupakkam et al. [89] also developed a five component gasoline surrogate  (TPRF, 1-hexene and 

iso-hexane) by matching several fuel properties like RON, MON, H/C ratio, lower heating value 

and liquid density. Recently, Ahmed et al. [68] formulated surrogates for FACE A and C gasoline 

by considering a palette of 6 species (TPRF, n-butane, 2-methylbutane and 2-methylhexane). The 



49 
 

surrogate composition was chosen to match the target fuel’s distillation characteristics, carbon 

types, RON and other physical properties. Elwardany et al. [79] developed a seven component 

surrogate (PRF, n-butane, iso-pentane, 3-methylhexane, 2,6-dimethyloctane and 1-methyl-2-

propylcyclohexane) by matching the evaporation characteristics to adequately predict fuel 

droplet lifetime and droplet surface temperature. Sarathy et al. [86,95] formulated surrogates 

for four FACE gasolines (A, C, F, and G), and performed chemical kinetic modeling of the 

surrogates to understand the ignition characteristics of the target gasolines. FACE gasolines (F 

and G) with higher aromatic and naphthenic content required surrogate mixtures with three or 

more components to match ignition characteristics [44]. Our present approach is novel, in that 

we have focused on reducing the complexity of the surrogate by reducing the number of palette 

species, thereby simplifying the surrogates.   

The FACE gasoline fuels  [96] serve as good standard set of target fuels for developing and testing 

surrogate fuel formulation strategies. FACE gasolines are specifically designed fuels with 

consistent physical and chemical properties to meet the needs of data reproducibility in research 

applications. Surrogates were developed for six FACE gasolines, namely FACE A, C, F, G, I and J, 

and experiments were performed to test the MFG approach. Five functional groups were 

selected as key descriptors - paraffinic CH3, paraffinic CH2, and aromatic C-CH, as indicated by 

previous works [24]. In addition, we also considered paraffinic CH, naphthenic CH-CH2 groups, 

and the BI [49]. The quantity of these functional group in the FACE gasoline fuels was evaluated 

with high resolution 1H NMR spectroscopy. Based on the type and the quantity of the functional 

groups present, surrogate molecules were chosen to represent these fuels. The surrogates were 

experimentally validated using measurements from an ignition quality tester (IQT), a rapid 
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compression machine (RCM), and a smoke point (SP) apparatus. The derived cetane number 

(DCN) of the surrogates were also experimentally evaluated by using the ignition delay times 

(IDT) obtained from the IQT, while the threshold sooting index (TSI) was obtained from the smoke 

point.   

3.3 Fuel characterization using 1H NMR 

Many analytical techniques have been used in the literature for the structural characterization of 

hydrocarbon fuels, including Gas Chromatography-Mass Spectrometry (GC-MS) [97], Liquid 

Chromatography-Mass Spectrometry (LC-MS) [98], supercritical fluid chromatography [99], Infra-

Red (IR) spectroscopy [100], Raman spectroscopy [101], vibrational spectroscopy [102], Fourier 

Transform- Ion Cyclotron Resonance/Mass Spectrometry (FT-ICR/MS) [44,103], FT-IR 

spectroscopy [104,105] and Nuclear Magnetic Resonance (NMR) spectroscopy [9,44]. A suitable 

technique for quantifying the functional groups in hydrocarbon fuels is 1H NMR spectroscopy. 

The advantages of 1H NMR spectroscopy are that it is reproducible, accurate, non-destructive 

and the molecular groups can be identified with a high resolution. The 1H NMR spectra of 

hydrocarbon fuels can be collected in a few minutes, while conventional techniques like GC-MS 

are time consuming. 1H NMR spectroscopy is particularly useful for high throughput experiments 

where a large number of samples have to be analyzed within a short period of time for quality 

control. 

3.3.1 Experimental methods 

1H NMR experiments of the six FACE gasoline fuels namely FACE A, C, F, G, I and J (acquired from 

Chevron Philips Chemical Co) were performed and the spectra are shown in Figure 3-1. The 1H 
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NMR spectra were recorded using Bruker 700 AVANAC III spectrometer equipped with Bruker CP 

TCI multinuclear CryoProbe (BrukerBioSpin) at 298 K. Samples were prepared by dissolving 50 µl 

of gasoline in 700 µl of deuterated chloroform CDCl3. 600 µl of the solution was then transferred 

to 5 mm NMR tubes after being vortexed for 30 seconds. A recycle delay time of 5s was used and 

the spectra were recorded. 128 scans were collected with standard 1D 90o pulse sequence using 

the standard (zg) program from Bruker pulse library. The spectra was processed using Bruker 

Topspin 2.1 software. Chemical shifts were adjusted using Tetramethylsilane (TMS) as an internal 

chemical shift reference. The spectra were collected with 20 ppm of spectral width corresponding 

to 14098 Hz, and digitized into 64k data points. An exponential function equivalent to a 0.3 Hz 

line broadening was applied before Fourier transform. The spectra were visually phased and the 

base lines were adjusted using abs command. The spectra were processed 5 times and the 

average values are reported. 

 
Figure 3-1: 1H NMR spectra of the FACE gasoline fuels 
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3.4 Choosing surrogate species 

After determining the functional groups and BI in the FACE gasoline fuels using 1H NMR, a 

systematic survey of several molecules was carried out to identify candidates that best match the 

target functional groups.  An attempt was made to use molecules with multiple chemical 

functionalities (like indane and tetralin as they contain aromatic and naphthenic rings in a single 

molecule), so that a minimal number of species could be used in the surrogate to match the 

functional groups. The surrogate molecules selected to represent the FACE gasolines are shown 

in Figure 3-2 along with their BI values. The compositions of the surrogates are presented in Table 

3-1. FACE A gasoline is represented by 2,4-dimethylpentane and FACE I by 3-methylpentane. 

These fuels are primarily composed of n-paraffins and iso-paraffins and contain very low 

percentages of olefinic -CH=CH2, naphthenic CH-CH2 and aromatic C-CH groups, and therefore 

these functional groups were neglected when formulating the surrogates. FACE F and G gasolines 

contain all the four hydrocarbon classes with low percentage of olefinic -CH=CH2 groups (< 2 wt 

%). FACE F gasoline was represented with two molecules, specifically, 3-methylpentane and 

indane. FACE G gasoline has more naphthenic content than FACE F gasoline, and therefore was 

represented with 3-methylpentane and tetralin. The naphthenic content of tetralin is higher than 

that of indane, so the latter is better suited as a surrogate candidate for FACE G gasoline. FACE C 

gasoline (like FACE A) is also rich in paraffins but contains low percentage of aromatic and 

naphthenic groups (< 2 wt %), so was represented by 3-methylpentane and tetralin. Two 

surrogate compositions were formulated for FACE G gasoline (named S1 and S2), both of which 

closely resemble the fuel. This was done to obtain a quantitative understanding of the 

relationship between functional groups and various combustion properties, as discussed later. 
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FACE I gasoline is rich in paraffins, similar to FACE A and C, so was represented by 3-

methylpentane. FACE J gasoline comprises more aromatic C-CH groups compared to the other 

fuels and almost no naphthenic or olefinic groups. The surrogate for FACE J gasoline was 

formulated as a mixture of n-heptane and toluene. Calculation of BI of all the species used in the 

surrogates are given in appendix B. 

 

Figure 3-2: Chosen surrogate molecules for the FACE gasolines.  The BI for each surrogate molecule is 

denote 
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Table 3-1: Composition of the FACE gasoline surrogates 

Species FACE A 
(%) 

FACE C 
(%) 

FACE F 
(%) 

FACE G 
Surro 1 (%) 

FACE G 
Surro 2 (%) 

FACE I 
(%) 

FACE J 
(%) 

mol wt mol wt mol wt mol wt mol wt mol wt mol wt 
2,4-

dimethylpentane 
100 100 - - - - - - - - - - - - 

3-methylpentane - - 96 94 79.6 74 67.9 58 69.7 60 100 100 - - 

indane - - - - 20.4 26 - - - - - - - - 

tetralin - - 4 6 - - 32.1 42 30.3 40 - - - - 

n-heptane - - - - - - - - - - - - 52.9 55 

toluene - - - - - - - - - - - - 47.1 45 

 

 

A comparison of the functional groups present in the FACE gasoline fuels and their respective 

MFG surrogates is shown in Figure 3-3. The olefinic -CH=CH2 groups were neglected when 

formulating surrogates for all the FACE gasolines studied in the present work, due to their 

negligible percentages. Surrogate molecules were shortlisted by also considering their ability to 

emulate properties likes molecular weight and practical constraints of price and availability 

besides the primary goal of matching the functional group distribution. The novelty of these 

surrogates lies in the manner in which they were chosen and not the surrogates themselves. 

Other molecules can also be used as potential surrogate species as long as they match the 

functional groups and mirror the molecular size of the intended fuel. The development of 

chemical kinetic models for the surrogates is outside the scope of the present work, and 

therefore was not pursued.  
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Figure 3-3: Functional group comparison between the FACE gasolines and their respective MFG surrogates  
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The BI term has been shown to directly influence a fuel’s cetane number [[49], and therefore the 

BI captures the effects of molecular structure on low temperature reactivity. The BI term was 

included as a target in this work when formulating surrogates for the various gasoline fuels. Table 

3 compares the BI of FACE gasoline fuels with the MFG surrogates proposed herein. The BI of 

surrogates with 2 components is the summation of the product of mole fraction of the 

constituent species with their respective BI’s. The comparison shows that the BI matches well for 

all fuels except FACE J.  Nevertheless, the combustion properties (ignition delay and sooting 

index) for FACE J MFG surrogate matched well with the real fuel (as shown in the following 

Sections).   

 

Table 3-2: Comparison of Branching Index (BI) of FACE gasoline fuels and their MFG surrogates 

Gasoline 
BI (no units) 

Fuel 
MFG 

Surrogate 

FACE A 0.42 0.4 

FACE C 0.31 0.34 

FACE F 0.68 0.55 

FACE G 0.76       0.68 (S1) 

        0.66 (S2) 

FACE I 0.38 0.3 

FACE J 0.68 0.47 

S1 and S2 refer to surrogates 1 & 2, respectively. 

 

A number of multicomponent surrogates have been reported in the literature for the various 

FACE gasolines studied in the present work. Tables 3-3, 3-4, 3-5, 3-6, 3-7 and 3-8 compare the 

functional groups in the MFG surrogates and other multi-component surrogates for FACE 

gasolines A, C, F, G, I and J, respectively. It can be seen that most of the multi-component 

surrogates match the functional group distribution of the fuel to various extents, but do so using 
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a greater number of species. The MFG surrogates contain fewer components, but succeed in 

reproducing the combustion characteristics of the target gasoline (see R&D section below). The 

MFG surrogate for FACE A gasoline matches the target functional groups more closely than the 5 

component surrogate by Sarathy et al. [86], Ahfaz et al. [68] and Elwardany et al. [79]. The PRF 

surrogates reported by Bhavani Shankar et al. [81] for FACE C gasoline matches the functional 

groups of the target fuels as closely as the 6 component surrogates by Sarathy et al. [86] and 

Ahfaz et al. [68] and performs well in replicating the gas phase kinetics and the Low Temperature 

Heat Release (LTHR). The 6 component surrogate for FACE F gasoline developed by Sarathy et al. 

[95] matches the target functional groups more closely than the present 2-component MFG 

surrogate, but the latter is still successful in replicating the NTC behavior of the target gasoline 

(see section 4.3). Therefore, surrogates containing fewer species while matching the target 

functional groups can be equally effective as multicomponent surrogates with greater number 

more species. 

 
Table 3-3: FACE A gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG 
surrogate  

Bhavanishankar  
et al [81]   

Sarathy et al 
[86] 

Ahfaz et al  
[68] 

Elwardany et al 
[79] 

   2,4-dimethyl 
pentane 

n-heptane 
iso-octane 

n-butane  
2-methyl butane  
2-methyl hexane 
n-heptane  
iso-octane* 

n-butane  
2-methyl butane  
2-methyl hexane  
n-heptane  
iso-octane* 

n-butane  
3-methyl hexane  
n-heptane  
iso-octane 
1M-2P-cychexane# 

paraffinic 
CH3 

wt % 57.19 60 56.41 57.17 56.32 51.58 

paraffinic 
CH2 

wt % 16.99 14 21.46 21.71 23.15 26.72 

paraffinic  
CH 

wt % 25.11 26 9.59 11.14 10.60 10.64 

Olefinic     
CH=CH2 

wt % 0 0 0 0 0 0 

naphthenic 
CH-CH2 

wt % 0.32 0 0 0 0 0.99 

aromatic   
 C-CH 

wt % 0.41 0 0 0 0 0 

* refers to 2,2,4-trimethyl pentane; # refers to 1-methyl-2-propyl cyclohexane 
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Table 3-4: FACE C gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG surrogate  Bhavanishankar  
et al  [81] 

Mannaa et al 
[106] 

Sarathy et al 
[86] 

Ahfaz et al  
[68] 

   3-methyl pentane 
tetralin 

n-heptane 
iso-octane* 

n-heptane  
iso-octane* 
toluene 

n-butane  
2-methyl 
butane  
2-methyl 
hexane 
n-heptane  
iso-octane* 
toluene 

n-butane  
2-methyl 
butane  
2-methyl 
hexane 
n-heptane  
iso-octane* 
toluene 

paraffinic 
CH3 

wt % 53.82 49.19 56.41 54.51 54.87 53.57 

paraffinic 
CH2 

wt % 33.12 30.61 21.45 20.98 23.95 24.69 

paraffinic 
CH 

wt % 9.44 14.2 9.59 9.11 9.18 8.56 

Olefinic     
CH=CH2 

wt % 0 0 0 0 0 0 

naphthenic 
CH-CH2 

wt % 2.8 2.54 0 0 0 0 

aromatic    
C-CH 

wt % 0.82 3.45 0 3.48 2.36 3.76 

* refers to 2,2,4-trimethyl pentane; 

 
Table 3-5: FACE F gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG surrogate  Mannaa et al 
[106] 

Sarathy et al 
[95] 

Sarathy et al 
[95] 

Sarathy et al  
[95] 

   3-methyl pentane 
indane 

n-heptane  
iso-octane* 
toluene 

n-heptane  
iso-octane* 
toluene 

n-butane  
n-heptane  
iso-octane* 
1-hexene 
cyclo-pentane  
toluene  
 

n-butane  
2-methyl 
butane 
2-methyl 
hexane iso-
octane 
1-hexene 
cyclo-pentane  
1,2,4-TMB# 

paraffinic 
CH3 

wt % 48.58 38.72 57.71 42.11 43.09 47.11 

paraffinic 
CH2 

wt % 21.14 24.09 15.15 14.13 18.20 16.55 

paraffinic 
CH 

wt % 6.01 11.18 10.26 6.15 6.88 8.26 

Olefinic     
CH=CH2 

wt % 1.95 0 0 0 3.77 2.36 

naphthenic 
CH-CH2 

wt % 9.82 9.36 0 0 9.80 11.51 

aromatic   
 C-CH 

wt % 12.49 16.64 3.43 29.55 9.23 6.55 

* refers to 2,2,4-trimethyl pentane; # refers to 1,2,4-trimethyl benzene; 
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Table 3-6: FACE G gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG surrogate 
(S1)  

MFG surrogate 
(S2) 

Sarathy  
et al [95] 

Sarathy  
et al [95] 

Sarathy  
et al  [95] 

   3-methyl pentane 
tetralin 

3-methyl pentane 
tetralin 

n-heptane  
iso-octane* 
toluene 

n-heptane  
iso-octane* 
1-hexene  
cyclo-
pentane  
1,2,4-TMB# 

n-butane  
2-methyl butane 
2-methyl hexane  
iso-octane* 
1-hexene 
cyclo-pentane  
toluene 
1,2,4-TMB# 

paraffinic 
CH3 

wt % 37.11 31.56 30.34 22.04 41.84 38.09 

paraffinic 
CH2 

wt % 18.01 19.64 18.88 12.28 13.89 14.33 

paraffinic 
CH 

wt % 7.01 9.12 8.76 0.89 4.66 5.25 

Olefinic     
CH=CH2 

wt % 1.65 0 0 0 2.29 2.32 

naphthenic 
CH-CH2 

wt % 12.70 16.86 17.85 0 9.25 11.37 

aromatic    
C-CH 

wt % 23.51 22.84 24.15 63.61 21.95 25.47 

* refers to 2,2,4-trimethyl pentane; # refers to 1,2,4-trimethyl benzene; 

 
Table 3-7: FACE I gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG surrogate  Bhavanishankar  
et al  [81] 

Javed et al 
[107] 

Elwardany et al [108] 

   3-methyl pentane  n-heptane 
iso-octane* 

 2-methyl butane 
2-methyl hexane  
n-heptane 
iso-octane* 
1-hexene 
cyclo-pentane  
1,2,4-TMB# 

2-methyl butane 
2-methyl hexane  
n-heptane 
iso-octane* 
2,3,4-trimethyl pentane 
1-hexene 
methyl-cyclohexane  
toluene 

paraffinic 
CH3 

wt % 58.56 52.4 51.98 47.33 45.40 

paraffinic 
CH2 

wt % 30.55 32.5 29.59 28.64 29.29 

paraffinic 
CH 

wt % 7.38 15.1 7.98 9.65 11.30 

Olefinic     
CH=CH2 

wt % 1.42 0 0 1.62 1.89 

naphthenic 
CH-CH2 

wt % 1.61 0 0 4.21 3.51 

aromatic   
C-CH 

wt % 0.48 0 0 3.01 3.90 

* refers to 2,2,4-trimethyl pentane; # refers to 1,2,4-trimethyl benzene; 
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Table 3-8: FACE J gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG surrogate  Bhavanishankar  
et al  [81] 

Mannaa et al 
[106] 

Javed et al 
[107] 

   n-heptane 
toluene  

n-heptane 
iso-octane* 

n-heptane  
iso-octane* 
toluene 

 n-butane 
2-methyl hexane  
n-heptane 
iso-octane* 
1,2,4-TMB# 

paraffinic 
CH3 

wt % 25.38 23.85 51.98 31.38 41.39 

paraffinic 
CH2 

wt % 34.05 38.50 29.59 32.17 30.43 

paraffinic 
CH 

wt % 7.25 0 7.98 2.34 4.62 

Olefinic     
CH=CH2 

wt % 0 0 0 0 0 

naphthenic 
CH-CH2 

wt % 0.81 0 0 0 0 

aromatic    
C-CH 

wt % 32.51 37.65 0 31.01 21.78 

* refers to 2,2,4-trimethyl pentane; # refers to 1,2,4-trimethyl benzene; 

 

3.5 Physical and chemical properties comparison 

When surrogates are chosen such that they match the functional groups in the target fuel, the 

physical and chemical properties are likely to be matched. The surrogate fuel components were 

chosen and formulated such that they mirror the general molecular size of the FACE gasolines, 

as indicated by average molecular weight. In doing so the physical properties of the surrogate 

are likely to match those of the target fuel. Thus, the functional groups and molecular weight 

possess enough molecular information of the fuel to explain both the physical and the chemical 

properties [82,15,70]. Select macroscopic physical properties, such as density and average 

molecular weight, and select macroscopic chemical properties, such as H/C ratio and heat of 

combustion of the FACE gasoline fuels are compared with their respective MFG surrogates in 

Figure 3-4. The average molecular weight of the FACE gasolines were calculated from the detailed 

compositional data contained in the DHA. The other properties of the FACE gasolines were taken 
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from the CRC report [96].  The density and heat of combustion of the two component surrogates 

(for FACE C, F, G and J gasolines) were calculated from the data of the individual components 

using linear-by-mass additivity rules. Data for the individual components were taken from the 

NIST database [109].   

 

Figure 3-4: Comparison of the physical and chemical properties of the FACE gasolines and their respective 

MFG surrogates a) density b) average molecular weight c) H/C ratio and d) heat of combustion. S1 and S2 

refer to surrogate 1 surrogate 2, respectively. 

The above figure shows that the properties of the surrogates and the target fuels match well. The 

MFG surrogates for FACE A gasoline (2,4-dimethylpentane) has slightly lower density, as the 

target fuels possess small quantities (≈0.5 %) of aromatic C-CH and naphthenic CH-CH2 groups. 

Aromatic C-CH and naphthenic CH-CH2 groups are more dense compared to paraffinic groups, as 
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seen from pure compound densities; benzene (1.12 g/ml); cyclohexane (0.93 g/ml) and n-hexane 

(0.76 g/ml). A similar case is seen for the case of FACE I surrogate (3-methylpentane). The 

surrogates for FACE F, G and J gasolines contain slightly more aromatic C-CH and naphthenic CH-

CH2 groups than the target fuels, and hence are slightly denser. The surrogate for FACE C gasoline 

matches the target fuel’s functional groups very well. The difference in density of all the FACE 

gasolines and their respective MFG surrogates is less than 5 %, except for FACE F where the 

difference is around 6.2 %. Molecular weight of the fuel correlates strongly with the gas phase 

diffusive properties [69] and a mismatch could result in a poorer emulation of combustion kinetic 

phenomena that are diffusive in nature, e.g. smoke point. A good match is seen between the 

average molecular weights of the FACE gasolines and their respective MFG surrogates, except for 

FACE C and I where the difference is around 10 and 9.9 % respectively.  

The H/C ratio of FACE G and J gasolines is lower compared to the other FACE gasolines due to the 

noted high aromatic content. The MFG surrogates replicate the H/C ratio of all the FACE 

gasolines, wherein the differences are less than 4 %, except for FACE F where the difference is 

5.6 %. The nature of the chemical bonds in hydrocarbon molecules defines the heat of 

combustion, and therefore the latter can be directly evaluated from the knowledge of the 

functional groups present in the reactant and product molecules. Paraffinic groups have a higher 

heat of combustion compared to aromatic C-CH and naphthenic CH-CH2 groups, as seen from the 

pure compound values; n-hexane (4.14 MJ/mol); cyclohexane (3.92 MJ/mol); and benzene (3.03 

MJ/mol).  This gives the heat of combustion of a single paraffinic group to be (0.69 MJ/mol.C), 

followed by naphthenic group (0.65 MJ/mol.C) and aromatic group (0.50 MJ/mol.C). As expected, 

the MFG surrogates for FACE A and I gasolines possess a higher (>5 %) heat of combustion than 



63 
 

their respective target fuels, as the surrogates are purely paraffinic. A better match is observed 

in the FACE F, G and J gasolines and their respective MFG surrogates that contain approximately 

the same quantities of all functional groups.  

A comparison of the target physical and chemical properties of the MFG surrogates with other 

multicomponent surrogates are reported in Tables 3-9, 3-10, 3-11, 3-12, 3-13, and 3-14 and for 

FACE gasolines A, C, F, G, I and J respectively. It can be observed that surrogates that match the 

target functional groups closely emulate the physical and chemical properties of the fuel closely 

as well. This is evident from Quantitative Structure-Property Relationship (QSPR) studies 

[10,13,14,49] that show that the properties of a compound are dependent on molecular 

descriptors (or functional groups) and molecular weight. 

Table 3-9: FACE A gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG 
surrogate  

Bhavanishankar  
et al  [81] 

Sarathy  
et al [86] 

Ahfaz et al  
[68] 

Elwardany et al 
[79] 

   2,4-dimethyl 
pentane 

n-heptane 
iso-octane 

n-butane  
2-methyl butane  
2-methyl hexane 
n-heptane  
iso-octane* 

n-butane  
2-methyl butane  
2-methyl hexane  
n-heptane  
iso-octane* 

n-butane  
3-methyl hexane  
n-heptane  
iso-octane 
1M-2P-cychexane# 

density g/ml 0.68 0.67 0.69 0.67 0.67 0.69 

average MW g/mol 99.78 100 111.52 101.26 101.80 92.74 

H/C ratio molar 2.29 2.28 2.25 2.25 2.25 2.26 

Heat of 
combustion 

MJ/kg 44.77 48.08 47.91 48.07 48.06 47.90 

* refers to 2,2,4-trimethyl pentane; # refers to 1-methyl-2-propyl cyclohexane 
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Table 3-10: FACE C gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG surrogate  Bhavanishankar  
et al  [81] 

Mannaa 
et al 
[106] 

Sarathy et al 
[86] 

Ahfaz et al  
[68] 

   3-methyl pentane 
tetralin 

n-heptane 
iso-octane* 

n-heptane  
iso-
octane* 
toluene 

n-butane  
2-methyl 
butane  
2-methyl 
hexane 
n-heptane  
iso-octane* 
toluene 

n-butane  
2-methyl 
butane  
2-methyl 
hexane 
n-heptane  
iso-octane* 
toluene 

density g/ml 0.69 0.67 0.69 0.70 0.67 0.68 

average MW g/mol 97.71 100 111.5 110.46 98.22 98.13 

H/C ratio molar 2.21 2.28 2.25 2.20 2.24 2.22 

Heat of 
combustion 

MJ/kg 44.79 48.08 47.91 47.68 47.97 47.88 

* refers to 2,2,4-trimethyl pentane; 

 
Table 3-11: FACE F gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG surrogate  Mannaa et al 
[106] 

Sarathy  
et al [95] 

Sarathy  
et al [95] 

Sarathy  
et al  [95] 

   3-methyl pentane 
indane 

n-heptane  
iso-octane* 
toluene 

n-heptane  
iso-octane* 
toluene 

n-butane  
n-heptane  
iso-octane* 
1-hexene 
cyclo-pentane  
toluene  
 

n-butane  
2-methyl butane 
2-methyl hexane 
iso-octane 
1-hexene 
cyclo-pentane  
1,2,4-TMB# 

density g/ml 0.71 0.75 0.69 0.74 0.71 0.70 

average MW g/mol 95.6 92.4 111.98 103.69 100.02 96.07 

H/C ratio molar 2.12 2 2.20 1.84 2.06 2.10 

Heat of 
combustion 

MJ/kg 44.36 44.05 47.66 46.01 47.21 47.43 

* refers to 2,2,4-trimethyl pentane; # refers to 1,2,4-trimethyl benzene; 

Table 3-12: FACE G gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG surrogate 
(S1)  

MFG surrogate 
(S2) 

Sarathy  
et al [95] 

Sarathy  
et al [95] 

Sarathy et al 
[95]  

   3-methyl pentane 
tetralin 

3-methyl pentane 
tetralin 

n-heptane  
iso-octane* 
toluene 

n-heptane  
iso-octane* 
1-hexene  
cyclo-pentane  
1,2,4-TMB 

n-butane  
2-methyl butane 
2-methyl hexane  
iso-octane* 
1-hexene 
cyclo-pentane  
toluene 
1,2,4-TMB# 

density g/ml 0.76 0.79 0.78 0.81 0.75 0.74 

average 
MW 

g/mol 98.97 100.64 100 94.65 105.88 94.15 

H/C ratio molar 1.84 1.83 1.82 1.40 1.87 1.82 

Heat of 
combustion 

MJ/kg 43.26 45.62 45.79 43.85 46.19 46.14 

* refers to 2,2,4-trimethyl pentane; # refers to 1,2,4-trimethyl benzene; 
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Table 3-13: FACE I gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG surrogate  Bhavanishankar  
et al  [81] 

Javed  
et al [107] 

Elwardany  
et al [108] 

   3-methyl pentane  n-heptane 
iso-octane* 

 2-methyl butane 
2-methyl hexane 
n-heptane 
iso-octane* 
1-hexene 
cyclo-pentane  
1,2,4-TMB# 

2-methyl butane 
2-methyl hexane n-
heptane 
iso-octane* 
2,3,4-trimethyl pentane 
1-hexene 
Methyl-cyclohexane  
toluene 

density g/ml 0.69 0.66 0.69 0.68 0.68 

average MW g/mol 95.44 86 109.41 99.72 96.54 

H/C ratio molar 2.26 2.33 2.26 2.12 2.21 

Heat of 
combustion 

MJ/kg 44.71 48.2 47.94 47.77 47.79 

* refers to 2,2,4-trimethyl pentane; # refers to 1,2,4-trimethyl benzene; 

 
Table 3-14: FACE J gasoline: comparison of MFG surrogate with multicomponent surrogates reported in 
literature 

Functional 
groups 

unit FACE 
gasoline 

MFG surrogate  Bhavanishankar  
et al  [81] 

Mannaa et al 
[106] 

Javed et al 
[107] 

   n-heptane 
toluene  

n-heptane 
iso-octane* 

n-heptane  
iso-octane* 
toluene 

 n-butane 
2-methyl hexane  
n-heptane 
iso-octane* 
1,2,4-TMB# 

density g/ml 0.74 0.76 0.69 0.74 0.73 

average MW g/mol 94.5 96.22 109.41 99.31 103.27 

H/C ratio molar 1.86 1.75 2.26 1.83 1.88 

Heat of 
combustion 

MJ/kg 43.56 43.35 47.94 45.99 46.47 

* refers to 2,2,4-trimethyl pentane; # refers to 1,2,4-trimethyl benzene; 

 

3.6 Ignition Quality tester 

Numerous studies have used IQT to validate surrogates formulated for diesel fuels [84], jet fuels 

[82,15], gasoline [72,74,75], and lubricant oils [110] as it enables quantification of the overall 

chemical reactivity of the fuel [82]. In addition the ease of operability, repeatability and small 

fuel requirement have made the IQT a standard device to characterize fuel reactivity. As liquid 

fuel is injected into the IQT combustion chamber, the IDT is a combination of physical processes 

(e.g., spray breakup, evaporation, mixing) followed by gas-phase chemical reactions leading to 
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ignition [111]. The Total Ignition Delay (TID) is comprised of both the physical and chemical kinetic 

contributions; the relative importance of each depends on the fuel. Gasoline fuels are more 

volatile and less reactive than diesel fuels, and thus the TID of the former is primarily governed 

by gas-phase chemical reactions and not by physical processes.  This has been experimentally 

demonstrated in Mendelson et al. [112], which separated the physical and chemical IDTs by 

analyzing the IQT pressure signal.  For low DCN fuels (i.e., high octane gasolines), it was observed 

that chemical IDT dominated the total IDT, while the physical IDT was less important. The IQT 

determined ignition delay for FACE gasolines are more indicative of differences in the rate of gas-

phase chemical reactions rather than of physical processes.  

3.6.1 Experimental method 

FACE gasolines and their surrogates were tested in the KAUST research ignition quality tester (KR-

IQT) obtained from Advanced Engine Technology Ltd.  The IQT is a constant volume combustion 

chamber equipped with an S-type inward opening pintle nozzle [113] that injects liquid fuel into 

zero-air (air containing total hydrocarbons < 0.1 ppm) pressurized and preheated to standard 

pressure and temperature following ASTM standard D6890 [114].  The standard pressure (P0) 

prescribed in ASTM D6890 is 21 bar, however the standard temperature is not an exactly 

prescribed constant, rather it is adjusted by a calibration procedure, which involves the 

adjustment of charge temperature (T0, circa. 821K) such that the average of ignition delay time 

of three tests with n-heptane is 3.78 ± 0.01 ms. Each test in the KR-IQT comprises of 15 pre-

injections followed by 32 main injection events, the pre-injection events are carried out to 

provide a steady stable combustion environment for the following main injection events. The 
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ignition delay time reported in the present study is the average of the 32 main injections. For 

each injection, the ignition delay time is defined as the time difference between the start of 

injection (SoInj) and start of ignition (SoIgn). The time at which the injector needle lift attains the 

maximum is defined as SoInj. For fuels that exhibit LTHR, standard IQT definitions for SoIgn based 

on pressure rise (ΔP) are not suitable, as the pressure rise due to LTHR is falsely picked up as the 

main ignition event necessitating the application of a gradient method to define SoIgn as 

described in [115]. The gradient method defines the SoIgn as the intersecting point of the 

gradients at two points, one at the pressure recovery point and the other the maximum gradient 

during ignition pressure rise. The pressure recovery point is the point before ignition where the 

pressure in the chamber regains to the initial chamber pressure (P0) after evaporative cooling. 

Due to evaporative cooling of the liquid droplets, the pressure in the chamber drops and regains 

to initial chamber pressure as chemical reactions progresses.  Additional details on the gradient 

method are available in [115,116]. The surrogate methodology tested here assumes that the 

ignition characteristics of FACE gasolines are primarily kinetically controlled, as indicated in 

previous works [82,15,16]. IQT measurements were only performed at the standard DCN 

conditions; to assess the performance of surrogate fuels at a wide range of temperatures the 

RCM was used, as discussed next. 

3.6.2 Results 

Ignition delay times (IDT) of the FACE gasolines and their respective MFG surrogates were 

experimentally determined to validate the surrogates, and hence the validity of the MFG 

approach. Pressure traces of all the FACE gasoline fuels and their surrogates along with their total 
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ignition delay times are shown in Figure 3-5. The time of injection (SoInj) and time of ignition 

(SoIgn) are also shown in the figure. It is observed that the MFG surrogates have similar reactivity 

to their respective target gasoline, as indicated by similar total IDT. Differences in total IDT for all 

FACE gasolines and their respective MFG surrogates are less than 10 %.  FACE G surrogate 1, 

which has more paraffinic groups compared to FACE G surrogate 2, matches the paraffinic 

content of the fuel more closely and also reproduces the ignition behavior of the fuel more 

closely. This shows the IDT (at low temperatures) emulation depends more on paraffinic groups, 

especially paraffinic CH2 groups, as previously indicated by Won et al. [56]. 

The DCN of the FACE gasolines and their MFG surrogates were also evaluated from the 

knowledge of the IDT. Two equations are utilized to calculate the DCN depending on the range 

of the IDT; Equation 3-1 is used when IDT is in the range of 3.1- 6.5 ms while Equation 3-2 is 

utilized for other values of IDT. 

𝐷𝐶𝑁 = 4.46 + (
186.6

IDT
)           (3-1)                                             

       

𝐷𝐶𝑁 = 83.99[(IDT − 1.512)−0.658] + 3.547      (3-2)                       

    

The DCN values determined for the FACE gasolines and their respective MFG surrogates are 

reported in Table 3-15 and lie in the range (< 35) associated with gasoline fuels. The DCN of the 

MFG surrogates for FACE C, F, G, I and J match closely with the target gasolines (difference < 5 

%), while the DCN for FACE A MFG surrogate shows a difference of ≈7 %. The FACE G surrogate 1 

which better matches the paraffinic content in the fuel compared to surrogate 2 also matches 

the DCN more closely.  
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Figure 3-5. Pressure traces of the FACE gasolines and their respective MFG surrogates from the IQT 
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Table 3-15: Comparison of DCN values of FACE gasoline fuels and their surrogates 

Name DCN (no unit) 

Fuel Surrogate 

FACE A 26.4 28.2 

FACE C 26.5 27.5 

FACE F 19.5 19.9 

FACE G 18.0 18.4 (S1) 

  19.0 (S2) 

FACE I 31.7 30.7 

FACE J 29.7 31.0 
S1 and S2 refer to surrogates 1 & 2, respectively. 

 

3.7 Rapid compression machine (RCM) 

Numerous studies have utilized RCM measurements for surrogate validation [15,76,85,86,95]. 

Ignition delay measurements of the FACE gasoline surrogates were carried out at 20 bar and at 

an equivalence ratio of 1 in the KAUST RCM, which has a dual opposed piston arrangement, 

similar to the National University of Ireland (NUI) Galway RCM [24]. The dual piston design 

possesses several advantages over the single piston arrangement, such as improved mechanical 

balance and lower compression times. In the KAUST RCM, the combustion chamber diameter is 

50.8 mm and the total piston stroke length is 238 mm. For the experiments reported here, a 

volumetric compression ratio of 13 was used. It takes about 16 ms to compress the mixture and 

most of the pressure rise occurs in the last 2–3 ms of the compression stroke. Pistons are driven 

pneumatically and locked at the end of compression by a hydraulic locking system. Insulated 

heating jackets are used to pre-heat the combustion chamber and piston sleeves. Pressure time-

history profiles are obtained by a Kistler 6045A pressure transducer which is installed in the 
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combustion chamber wall. Piston heads are designed with crevice volumes in order to suppress 

vortex formation and achieve near-homogeneous conditions [24].  

Ignition delay time is defined as the duration from the peak pressure at the end of compression 

to the maximum pressure increase caused by the ignition process.  The compressed gas 

temperature (𝑇𝑐) is calculated by using adiabatic compression/expansion as per the equation 

below. 

ln (
𝑃𝑐

𝑃𝑖
) = ∫

𝛾

𝛾−1

𝑑𝑇

𝑇

𝑇𝑐

𝑇𝑖
         (3-3) 

where  𝑇𝑖 and 𝑃𝑖  are the initial temperature and pressure of the mixture, whereas 𝑇𝑐 and  𝑃𝑐  are 

the compressed gas temperature and pressure, and 𝛾 is the ratio of specific heats.  

3.7.1 Experimental method 

The RCM experiments for FACE gasolines were carried out over a temperature range of 620 – 756 

K. Carbon dioxide dilution (75% N2/ 25% CO2) was used to reach compressed temperatures of 

620 – 670 K, whereas 100% N2 was used as diluent gas for higher temperatures (> 670 K). The 

uncertainty in RCM ignition delay time measurements is ± 15 %. The RCM measurements for 

FACE A, C, F and G gasolines were performed at the facility in UCONN, and the details can be 

found here [86,95]. 

3.7.2 Results 

Figure 3-6 shows the comparison of the ignition delays of the FACE gasolines and their respective 

MFG surrogates. The FACE I and J gasolines possess the lowest Anti-Knock Index (AKI) of  70 
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amongst the fuels investigated here and exhibit the shortest ignition delay, followed by FACE A 

and C gasoline (AKI 84) and then FACE F and G (AKI  92).  

 

Figure 3-6: Ignition delay times of the FACE gasolines and their respective MFG surrogates from RCM at a 

pressure of 20 bar and at stoichiometric conditions. 

The RCM measurements show that high octane fuels exhibit longer ignition delay times 

compared to low octane fuels as expected. FACE A and C, which are fairly similar in regards to 

their composition, exhibit similar ignition delay characteristics, and the one component MFG 

surrogate (2,4-dimethylpentane) with an AKI of 83.4 [117] does well to capture the overall 

reactivity of FACE A. FACE I and J gasolines are compositionally very different, but have similar 
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ignition delay behavior, as shown by the RCM measurements. FACE I is rich in paraffins (similar 

to FACE A and C) whereas FACE J possesses considerable aromatics (32.5 wt %). FACE F and G 

gasolines are less reactive compared to the other fuels and clearly exhibit a Negative 

Temperature Co-efficient (NTC) regime between the temperatures of 740 – 833 K. FACE F 

contains higher paraffinic content and has a greater negative slope in the NTC regime compared 

to FACE G, characteristic of fuels with lower octane sensitivity [95]. All the formulated MFG 

surrogates replicate the ignition behavior of the target fuels, except the FACE G surrogates. This 

could be because of the high compositional diversity of FACE G gasoline, as it contains 

appreciable quantities of all different functional groups; this poses a challenge in formulating the 

surrogate with the MFG approach. FACE G Surrogate 1 replicates the functional groups more 

closely than Surrogate 2, and hence has an ignition behavior closer to that of the target fuel.  

 Figure 3-7 shows measured pressure traces of FACE gasolines and their respective MFG 

surrogates at various temperatures. FACE A and C gasolines show single stage ignition at 644 and 

670 K, and these fuels exhibit two stage ignition above 700 K. The surrogates, however, show two 

stage ignition below 700 K. FACE F and G show two stage ignition at temperatures lower than 

750 K. A higher pressure rise is observed in the first stage for FACE F compared to FACE G due to 

greater LTHR. The surrogates for FACE F and G successfully reproduce the two-stage ignition 

response observed in the respective fuels, but the pressure trace comparison for FACE F shows a 

slight discrepancy. This is because both the FACE F and G surrogates contain slightly less paraffinic 

CH3 groups than the fuels, and these groups have been shown to have a greater impact on the 

evolution of ignition processes [18,115].  FACE I and J and their MFG surrogates do not exhibit 

two-stage ignition in the temperature ranges studied in the RCM. 



 
Figure 3-7: Pressure traces of the FACE gasoline and their respective MFG surrogates from RCM 

 

3.2.7 Smoke Point (SP) and Threshold sooting index (TSI) 

The smoke point (SP) corresponds to the maximum height in mm of a smoke-free 

laminar non-premixed flame determined with an ASTM D1322 standard [118] smoke 
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point lamp. The measurements were performed according to the procedure described by 

the ASTM D1322. ASTM D1322 defines six mixtures of toluene and 2,2,4-

trimethylpentane (iso-octane) for calibration of the smoke point apparatus. For each fuel 

sample, the flame height at the SP was measured and recorded five times to the nearest 

millimetre, and subsequently averaged. Across all sets of measurements, the average 

standard deviation of the smoke point was 0.48 mm, ranging from 0.45 to 0.55 mm.  This 

contributes to a total estimated uncertainty of ±1.0 mm. The measured smoke point data 

were analysed by using the Threshold Sooting Index (TSI) concept as introduced by 

Calcote and Manos [119]. The TSI is a function of the fuel smoke point and the fuel 

molecular weight (MW) as defined by Equation 3-4. 

𝑇𝑆𝐼 = 𝑎 (
𝑀𝑊

𝑆𝑃
) + 𝑏         (3-4) 

     

Here, a and b are apparatus-specific constants to set the TSI on a uniform scale with a in 

(mm*(g/mol)-1) and b unitless. The constants a and b were deduced from Equations 3-5 

and 3-6 as defined in the literature [120,121] with 1-methylnaphtalene  and 

methylcyclohexane having TSIs of 100 and 5 respectively: 

𝑎 =
95

𝑀𝑊

𝑆𝑃 1−𝑀𝑁
+

𝑀𝑊

𝑆𝑃 𝑀𝐶𝐻

          (3-5) 

   

𝑏 =
100∗

𝑀𝑊

𝑆𝑃 𝑀𝐶𝐻
+5∗

𝑀𝑊

𝑆𝑃 1−𝑀𝑁
𝑀𝑊

𝑆𝑃 1−𝑀𝑁
+

𝑀𝑊

𝑆𝑃 𝑀𝐶𝐻

         (3-6) 

 

As described by Equation 3-4, determination of TSI requires knowledge of the fuel 

molecular weight. In the case of practical fuels, such as FACE gasoline fuels, the molecular 
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weight is difficult to precisely quantify. Cannella et al. [96] reported some physical and 

chemical properties of the FACE gasolines in Coordinating Research Council (CRC), but no 

information on the molecular weight was provided. Here, the average molecular weight 

of the FACE gasolines was calculated from the detailed compositional data contained in 

the detailed hydrocarbon analysis (DHA), and this data was used for determination of the 

TSI. The average molecular weights for FACE A, C, F and I are estimated to be accurate to 

+/- 5 g/mol and +/- 20 g/mol for FACE G and J. 

 

3.8.1 “Virtual” Smoke Point Measurements 

The smoke point of FACE gasolines (A, C and I) and their respective MFG 

surrogates were out of range of the ASTM D1322 standard (>50 mm) and cannot be 

determined with this method. For these fuels, a “Virtual” Smoke Point (VSP) compatible 

with the ASTM D1322 standard was extracted using the extrapolation method described 

by Haas et al. [122]. This method exploits the lower smoke points acquired by the mixing 

of a “poorly” sooting fuel, with a “well” sooting fuel. Binary mixtures of such compositions 

at appropriate fractions were designed to obtain measureable smoke point by the ASTM 

D1322 standard. When these measured smoke points are analysed as a function of 

blending mole fraction a variable and non-linear relationship results. Knowledge of this 

functional relationship is therefore required in order to extrapolate the blend mole 

fraction to the value corresponding to the full absence of the “well” sooting fuel. To 

resolve this difficulty Haas et al. [122] cleverly suggest exploiting the empirically 
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demonstrated molar linearity of the TSI to the blend fraction of binary mixtures defined 

by Equation 3-7. 

𝑇𝑆𝐼𝑚𝑖𝑥 = ∑ 𝑥𝑖𝑖 𝑇𝑆𝐼𝑖                (3-7) 

Where, 𝑋𝑖 is the mole fraction of component  𝑖 in range of 0 ≤ 𝑋𝑖 ≤ 1.  

According to the molar linearity of the TSI and for a fuel mixture 𝑖 − 𝑗, the 𝑇𝑆𝐼𝑖−𝑗  can be 

expressed by Equation 3-8. 

𝑇𝑆𝐼𝑖−𝑗 =  𝑚𝑖−𝑗𝑋𝑗 +  𝑇𝑆𝐼𝑖        (3-8) 

Where, 𝑋𝑗 is the mole fraction of component 𝑗 in range of 0 ≤ 𝑋𝑗 ≤ 1 and 𝑚𝑖−𝑗 is the 

slope of the linear relationship between the TSI and the mole fraction of the binary 

mixture of component 𝑖 and component 𝑗. From Equations (3-5) to (3-8), the VSP can be 

expressed by the linear expression shown by Equation 3-9. 

𝑀𝑊𝑖−𝑗

𝑆𝑃𝑖−𝑗
=

𝑚𝑖−𝑗

𝑎
 𝑋𝑗 +

𝑀𝑊𝑖

𝑆𝑃𝑖
        (3-9) 

Where  
𝑚𝑖−𝑗

𝑎
  is the slope of the relation above, a is the apparatus-specific constant of the 

TSI definition, and MWi-j the average molecular weight of the binary mixture. From 

Equation 3-9, the VSP can be extrapolated by plotting 
𝑀𝑊𝑖−𝑗

𝑆𝑃𝑖−𝑗
 against blend mole fractions. 

This procedure is essentially what Mensch et al. [121] previously utilised to determine the 

TSI of iso-cetane, another fuel component outside the range of ASTM D1322.  Utilizing 

this "Virtual" smoke point technique, a series of measurements were performed by binary 

molar blending of FACE A, C, I and their respective MFG surrogate fuels, with toluene and 

n-butylbenzene as separate blend stocks. At least four different blending ratios for each 
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compositions were performed to determine the extrapolated quantities with high 

confidence. 

3.8.2 Uncertainties 

For the preparation of surrogates, the mass of the individual pure fuel components 

comprising the pertinent surrogate definitions was measured using an analytical balance 

of 0.001 g precision. The resulting uncertainty on the molar ratio to the fuel blend for a 

50 g mass was approximately 0.01 %, which was considered negligible and not taken into 

further consideration. The uncertainty due to the determination of the smoke point was 

assumed to be ± 1.0 mm, as explained above, for all measurements. The resulting 

standard uncertainty on the threshold sooting index and virtual smoke point was 

calculated as the root-mean-square sum of the respective contributors, therefore 

considering uncertainties in molecular weight, smoke point determination, blend fraction 

definition, and extrapolation to pure component blend fraction. The resulting 

uncertainties are presented in Table 3-16. 

3.8.3 Results 

The smoke point, virtual smoke point and threshold sooting index of the FACE gasoline 

fuels and their respective MFG surrogates along with uncertainties are presented in Table 

3-16. Experimental data used to derive the virtual smoke point for FACE A, C and I 

gasolines are presented in Figure 3-8 and 2,4-dimethylpentane (surrogate for FACE A), 3-

methylpentane-tetralin 94/6 wt % (surrogate for FACE C) and 3-methylpentane (surrogate 

for FACE I)  are presented in Figure 3-9. The threshold sooting index and smoke 

point/virtual smoke point values of FACE A, C and G match very well with their respective 
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MFG surrogates, which indicate similar sooting propensity. Two different surrogates of 

FACE G were formulated, i.e. surrogate 1 and 2. The proportion of aromatic C-CH group 

in surrogate 2 is closer to FACE G compared to surrogate 1, which can explain the better 

results obtained for the smoke point and threshold sooting index. Those results shows 

that the aromatic C-CH groups have a more pronounced effect on smoke point and 

threshold sooting index, whereas the paraffinic groups have a more pronounced effect 

on the ignition delay time as shown by the IQT measurements of surrogate 1. Results 

obtained for FACE I and J present differences that are within the uncertainty boundaries, 

albeit the uncertainties are significant and largely attributed to the uncertainty in the 

linear extrapolation. FACE F and its surrogates present very different smoke point and 

threshold sooting index, which indicate different sooting propensity. This may be 

explained by the FACE F surrogate having approximately 25 % more aromatic groups 

compared to FACE F gasoline which again reiterates the importance of aromatic groups 

on smoke point and threshold sooting index.   

Table 3-16: (Virtual) Smoke point and threshold sooting index of FACE gasolines and their 
respective MFG surrogates. 

Fuel 
Molecular 

weight 
(g/mol) 

(Virtual) 
Smoke Point 

(mm) 

Threshold 
Sooting 
Index  

Surrogate 
Molecular 

weight 
(g/mol) 

Virtual 
Smoke 
Point 
(mm) 

Threshold 
Sooting 
Index 

FACE A 99.78 ± 5.0 67.9 ± 18.7 2.2 ± 1.7 2,4-dimethylpentane 100.2 66.6 ± 15.3 2.4 ± 1.4 

FACE C 97.71 ± 5.0 49.8 ± 4.8 4.4 ± 1.2 
3-methylpentane/Tetralin 

(94/6 mol %) 
88 44.8 ± 3.3 4.3 ± 0.6 

FACE F 95.60 ± 5.0 37.4 ± 1.0 6.6 ± 1.5 
3-methylpentane/Indane 

(80/20 mol %) 
92.6 18.4 ± 1.0 16.8 ± 1.6 

FACE G 98.97 ± 20.0 15.6 ± 1.0 22.1 ± 13.5 

3-methylpentane/Tetralin 
(70/30 mol %), S1 

100.6  14.4 ± 1.0  25.2 ± 0.7  

3-methylpentane/Tetralin 
(68/32 mol %), S2 

100.0  15.0 ± 1.0  23.8 ± 0.7  

FACE I 95.44 ± 5.0 102.1 ± 56.9 0.2 ± 2.0 3-methylpentane 86.2 64.4 ± 14.1 1.7 ± 1.2 

FACE J 94.50 ± 20.0 18.0 ± 1.0 17.7 ± 11.5 
n-heptane/Toluene  

(53/47 mol %) 
96.4 18.8 ± 1.0 15.3 ± 1.5 

S1 and S2 refers to surrogate 1 & 2, respectively. 
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Figure 3-8. Virtual smoke point determination of FACE A, C and I gasolines using n-butylbenzene 

and toluene as blend components. 
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Figure 3-9: Virtual smoke point determination of 2,4-dimethylpentane ( surrogate for FACE A), 3-

methylpentane-tetraline (surrogate FACE C) and 3-methylpentane (surrogate for FACE I) using n-

butylbenzene and toluene as blend components. 

Figure 3-10 represents the threshold sooting index vs carbon ratio of the FACE gasoline 

fuels and their respective MFG surrogates. Data of the carbon ratio of the FACE gasoline 

fuels were taken from the CRC report [96], while the carbon ratio of the respective 

surrogates was calculated from the known composition. For FACE A, C and G the carbon 

ratio and TSI values were similar with their respective MFG surrogates, which can explain 

similar sooting propensity between the FACE fuel gasoline and respective MFG 
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surrogates. For FACE I and J, the values of the carbon ratio show clear difference but the 

TSI values are within the uncertainty boundaries, which can explain the difference in 

sooting propensities. FACE F and its surrogate show a similar carbon ratio while the value 

of the TSI is different and out of the uncertainty boundary.  

 

Figure 3-10: Threshold Sooting Index vs Carbon Ratio of the FACE gasolines and respective MFG 

surrogates. 

3.8.4 Conclusion 

Here, we presented a novel minimalist functional group (MFG) methodology to formulate 

surrogates of six FACE gasoline fuels (namely FACE A, C, F, G, I and J) by matching five 

functional groups and the Branching Index present in the FACE gasolines. High-resolution 

1H NMR spectroscopy was used to identify and quantify the functional groups and BI of 

the target fuels. The number of surrogate species chosen to represent each FACE gasoline 

was kept to a maximum of two components (albeit the MFG approach could also use a 
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single component). Physical (e.g., density and average molecular weight) and chemical 

(e.g., H/C ratio and heats of combustion) properties of the FACE gasolines matched well 

with those of the respective MFG surrogates. The surrogates were experimentally 

validated using IDT measured in an IQT, and similar values were obtained for the MFG 

surrogates and their target fuels. RCM measurements were made at 20 bar and at 

stoichiometric conditions and the surrogates were successful in mimicking the ignition 

behaviour of the FACE gasolines, except for FACE G surrogates which exhibited some 

discrepancy. The values of the smoke point (SP)/virtual smoke point (VSP), threshold 

sooting index (TSI) and carbon ratio show that the properties of FACE A, C and G gasolines 

match well with their respective MFG surrogates. FACE I and J gasolines show compatible 

SP/VSP and TSI value, but the carbon ratio shows significant differences.  

In addition to conventional surrogate fuel formulation and kinetic model reduction 

methods [76,123,124] the MFG approach presents another way of constraining the size 

of surrogate fuel mixture formulations and resulting chemical kinetic models. This may 

simplify the surrogate formulation and testing procedure, while reducing incurred time 

and cost. From a purely numerical perspective, the MFG approach suggests that a 

hypothetical chemical structure can be developed to match the functional groups and BI 

of a target fuel.  The MFG surrogate can be used to calculate physical and chemical 

properties, develop chemical kinetic models, and perform engine simulations.  Complex 

engine processes such as liquid spray formation, droplet breakup, and multi-component 

evaporation could be simulated using more complex multicomponent physical 
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surrogates, as already routinely done in the literature [125–128]. From an experimental 

perspective, hypothetical surrogate molecules may not be readily available for testing.  

The availability of data for validating the surrogate and kinetic models would become 

increasingly expensive for exotic MFG surrogate molecules.  For this reason, we selected 

MFG surrogates that were available to purchase for experimental testing.  The MFG 

approach presents to engineers with another way to formulate surrogate fuels, which 

complements other recent methods, such as physical surrogate group chemistry 

representation (PSGCR) [124], combustion property targets [56]  with experimental 

uncertainty [129], and the HyChem physics-based approach [130,131]. The MFG 

approach can also be extended to develop surrogates for other complex fuel mixtures, 

such as diesel fuel, aviation fuel, and heavy and crude oils. 
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Chapter 4: Octane number prediction 

4.1 Introduction 

Octane number (ON) is a measure of the ignition quality of gasoline and its tendency to 

resist knocking. Gasolines with high octane numbers are less prone to knocking and can 

withstand higher compression ratios inside a spark ignited internal combustion (IC) 

engine. Research octane number (RON) and motor octane number (MON) represent the 

two most commonly employed octane ratings used worldwide. RON is measured by 

running the fuel in a CFR engine at standard test conditions as specified by ASTM D2699-

16 method [4] and comparing the results obtained with primary reference fuels (PRFs) 

i.e., mixture of 2,2,4-trimethylpentane (iso-octane) and n-heptane. The compression ratio 

resulting in knock is measured in the CFR engine and used to evaluate the RON of the test 

gasoline. MON is also measured in the CFR engine but with a preheated fuel under more 

intense conditions of engine speed and variable spark timing as specified by ASTM D2700-

16a method [5]. Both these standard methods employed for measurement of RON and 

MON require the use of specialized instrumentation and skilled operators. Also, these 

methods are time consuming, expensive, and labour intensive. This has led to the 

development of mathematical models to predict ON, and thus reduce time and costs 

associated with the experimental measurements.  

Several correlations and methods have been reported in the literature to predict ON of 

pure hydrocarbons [132–135], PRFs [92,136], toluene primary reference fuels (TPRFs) 
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[92,93,137,138], gasoline compounds [139], naphtha [140,141], gasolines [116,142–148], 

gasoline with ethanol [149,80,100,136,150,151] and petroleum fractions [143]. The 

inputs for these models have been generated by utilizing different analytical techniques 

such as Fourier transform infra-red (FT-IR) spectroscopy [134,140,152,153], flame 

emission spectroscopy [154], nuclear magnetic resonance (NMR) spectroscopy 

[40,150,155], dispersive fiber-optic Raman spectroscopy [146], dielectric spectroscopy 

[145], gas chromatography [144], distillation curves [142], thermal wave interferometry 

[148] and ignition delay time (IDT) measured in an ignition quality tester (IQT) [116]. The 

data from these techniques have been analysed by a number of statistical and theoretical 

methods like multiple linear regression (MLR) [150], partial least square (PLS) [154], 

quantitative structure property relationship (QSPR) [132,133], response surface 

methodology [137,156] and artificial neural networks (ANN) [135,156–158] to process the 

data and yield the prediction models.          

The required gasoline RON and MON for a specific vehicle depends on the engine type 

and operating conditions [159]. Since RON and MON measurements are made on 

standard CFR engines under pre-defined standard conditions, the fuel metrics are a direct 

result of the fuel’s physical and chemical properties. In the present work, a model has 

been developed to predict the RON and MON of gasolines containing oxygenates 

(ethanol) by utilizing the fuels chemical composition expressed in terms of functional 

groups. Real fuels like gasolines contain several hundred individual molecules and 

identifying and quantifying all of them is difficult. However, these fuels are made up of a 
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finite number of functional groups which are responsible for their properties (i.e. derived 

cetane number (DCN) [49,160], sooting propensity [31] [25], flame speed [161,162], flash 

point [13] etc.) Determining these functional groups using analytical methods like 1H NMR 

spectroscopy presents a convenient way of characterizing the chemical composition of 

these fuels and also in predicting their properties. Gasolines are usually composed of the 

following hydrocarbon classes: paraffins, iso-paraffins, olefins, naphthenes and 

aromatics.  Seven functional groups derived from the above hydrocarbon classes, namely 

weight % of paraffinic CH3 groups, paraffinic CH2 groups, paraffinic CH groups, olefinic CH-

CH2 groups, naphthenic CH-CH2 groups, aromatic C-CH groups and ethanolic OH groups, 

were used an input to the model along with molecular weight and a new parameter called 

as branching index (BI), a quantity that describes the degree of branching in a molecule 

while considering the position of the methyl branch. 

The chemical kinetic reactivity of the fuel, which is dependent on molecular structure, 

governs ignition of gaseous air/fuel mixtures. The nine parameters used in the present 

work contain the necessary molecular information to explain chemical properties 

affecting gas-phase kinetic reactivity. Therefore, characterizing the fuel qualitatively and 

quantitatively in terms of the chemical functionalities present in the fuel can help predict 

both RON and MON. 

4.2 Artificial neural networks (ANN) 

Artificial neural networks (ANN) are statistical machine learning tools that have the ability 

to ‘learn’ complex relationships between inputs and outputs in a given dataset. The 
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predictive capability of methods like PLS and MLR was found to be limited when applied 

to RON and MON, especially in gasolines containing ethanol [150]. There is a non-linear 

increase in RON and MON of a gasoline when ethanol (an octane booster) is blended 

[149]. Therefore, ANN was employed to effectively capture non-linear and complex 

relationships between input features and the output of interest (RON and MON). ANN are 

computational models consisting of interconnected nodes that represent “features” or 

attributes of the analyzed dataset, which form a network that, if “trained” appropriately, 

can encompass the relationship between inputs and outputs of interest. These nodes are 

structured in layers depicted in Figure 4-1.  Each ANN has a single ‘input layer’, one or 

more ‘hidden layers’, and a single ‘output layer’. The number of units in each layer can be 

varied. Apart from the nodes in the input layer, which are the original features supplied, 

a node in a particular layer is comprised of each node in the layer right before it. For 

example, a node in the ‘hidden layer’ is comprised of the nodes in the input layer 

(represented by the arrows). As more hidden layers are added to the network, the 

subsequent nodes become more and more complex combinations of the original inputs 

(and what they represent becomes exponentially more convoluted). Each node has an 

associated weight that is directly proportional to the influence of that particular feature 

on the final output of the network.  
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Figure 4-1: Overview of a simple neural network 

 

In this work, ANN models are used to analyze the relationship between the above nine 

parameters for predicting RON and MON of pure hydrocarbons, hydrocarbon-ethanol and 

gasoline-ethanol blends.  The ANN model was developed using a dataset comprising 

experimental ONs of pure hydrocarbons, blends of hydrocarbons and gasolines with 

ethanol. 1H NMR spectroscopy was employed to obtain the functional groups of gasoline-

ethanol fuel mixtures. The developed ANN models were then validated against a separate 

test set of experimental data. 

3.3.3 Dataset 

The RON and MON of 128 pure hydrocarbons comprising of n-paraffins, iso-paraffins, 

olefins, naphthenes and aromatics (see Table 4-1), 123 hydrocarbons blended with 

ethanol (see Table 4-2) and 30 FACE (fuels for advanced combustion engines) gasolines 
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blended with ethanol (see Table 4-3) were collected from literature. The nine input 

parameters (seven functional groups, molecular weight, and branching index) were 

calculated for each of these 281 entries and were used as the dataset to predict RON and 

MON. ANN models were chosen to capture the non-linearity and the presumed 

complexity between the input features and RON and MON, whilst keeping prediction as 

priority.   
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Table 4-1: RON and MON of pure hydrocarbons. Ref [117] 

S. No. Name RON MON 

1 Propane 112 97.1 
2 n-butane 93.8 89.6 
3 n-pentane 61.7 62.6 
4 2-methylpentane 73.4 73.5 
5 3-methylpentane 74.5 74.3 
6 2,2-dimethylbutane 91.8 93.4 
7 2,3-dimethylbutane 100.3 94.3 
8 3-ethylpentane 65 69.3 
9 2,2-dimethylpentane 92.8 95.6 
10 2,3-dimethylpentane 91.1 88.5 
11 2,4-dimethylpentane 83.1 83.8 
12 3,3-dimetmylpentane  80.8 86.6 
13 2,2-dimethylhexane 72.5 77.4 
14 2,3-dimethylhexane 73.4 78.9 
15 2,4-dimethylhexane 65.2 69.9 
16 3,3-dimethylhexane 75.5 83.4 
17 3,4-dimethylhexane 76.3 81.7 
18 2-methyl-3-ethylpentane 87.3 88.1 
19 3-methyl-3-ethylpentane 80.8 88.7 
20 2,2,3-trimethylpentane 101.2 99.9 
21 2,2,4-trimethylpentane 100 100 
22 2,3,3-trimethylpentane 100.6 99.4 
23 2,3,4-trimethylpentane 100.2 95.9 
24 3,3-diethylpentane 84 91.6 
25 2,2-dimethyl-3-ethylpentane 101.8 99.5 
26 2,4-dimethyl-3-ethylpentane 100.5 96.6 
27 2,2,3,3-tetramethylpentane 103.6 95 
28 3,3,5-trimethylheptane 86.4 88.7 
29 2,2,3,3-tetramethylhexane 102 92.4 
30 ethylene 100 75.6 
31 propylene 100.2 84.9 
32 1-butene 97.4 80.8 
33 2-butene 100 83.5 
34 1-pentene 90.9 77.1 
35 2-methyl-1-butene 100.2 81.9 
36 2-methyl-2-butene 97.3 84.7 
37 1-hexene 76.4 63.4 
38 2-methyl-1-pentene 94.2 81.5 
39 3-methyl-1-pentene 96 81.2 
40 4-methyl-1-pentene 95.7 80.9 
41 2-methyl-2-pentene 97.8 83 
42 4-methyl-2-pentene 99.7 84.5 
43 2-ethyl-1-butene 98.3 79.4 
44 2,3-dimethyl-1-butene 100.1 82.8 
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45 3,3-dimethyl-1-butene 101.7 93.3 
46 2,3-dimethyl-2-butene 97.4 80.5 
47 1-heptene 54.5 50.7 
48 2-methyl-1-hexene 90.7 78.8 
49 3-methyl-1-hexene 82.2 71.5 
50 4-methyl-1-hexene 86.4 74 
51 5-methyl-1-hexene 75.5 64 
52 2-methyl-2-hexene 91.6 79.2 
53 cis-3-methyl-2-hexene 92.4 80 
54 3-ethyl-1-pentene 95.6 81.6 
55 3-ethyl-2-pentene 93.7 80.6 
56 2,3-dimethyl-1-pentene 99.3 84.2 
57 2,4-dimethyl-1-pentene 99.2 84.6 
58 3,3-dimethyl-1-pentene 100.3 86.1 
59 3,4-dimethyl-1-pentene 98.9 80.9 
60 4,4-dimethyl-1-pentene 100.4 85.4 
61 2,3-dimethyl-2-pentene 97.5 80 
62 2,4-dimethyl-2-pentene 100 85.3 
63 cis-3,4-dimethyl-2-pentene 96 82.2 
64 cis-4,4-dimethyl-2-pentene 100.5 90.2 
65 3-methyl-2-ethyl-1-buteme 97 82 
66 2,3,3-trimethyl-1-butene 100.5 90.5 
67 2-methyl-1-heptene 70.2 66.3 
68 2,3-dimethyl-1-hexene 96.3 83.6 
69 2,3-dimethyl-2-hexene 93.1 79.3 
70 cis-2,2-dimethyl-3-hexene 100.7 88 
71 2,3,3-trimethyl-1-pentene 100.6 85.7 
72 2,4,4-trimethyl-1-pentene 100.6 86.5 
73 2,4,4-trimethyl-2-pentene 100.3 86.2 
74 2-methyl-1,3-butadiene 99.1 81 
75 1,5-hexadiene 71.1 37.6 
76 cyclopentene 93.3 69.7 
77 1-methyl-cyclopentene 93.6 72.9 
78 1-ethylcyclopentene 90.3 72 
79 3-ethylcyclopentene 90.8 71.4 
80 cyclohexene 83.9 63 
81 1-methylcyclohexene 89.2 72 
82 1-ethylcyclohexene 85 70.5 
83 cyclopentane 100.1 84.9 
84 methylcyclopentane 91.3 80 
85 ethylcyclopentane 67.2 61.2 
86 1,1-dimethylcyclopentane 92.3 89.3 
87 1,3-dimethylcyclopentane 79.2 73.1 
88 n-propylcyclopentane 31.2 28.1 
89 isopropylcyclopentane 81.1 76.2 
90 1-methyl-3-ethyl-ccyclopentane 57.6 59.8 
91 1,1,3-trimetmylcyclopentane 87.7 83.5 
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92 cyclohexane 83 77.2 
93 methylcyclohexane 74.8 71.1 
94 ethylcyclohexane 45.6 40.8 
95 1,1-dimethylcyclohexane 87.3 85.9 
96 1,2-dimethylcyclohexane 80.9 78.6 
97 i,3-dimetmylcyclohexane 71.7 71 
98 i,4-dimethylcyclohexane 67.2 68.2 
99 isopropylcyclohexane 62.8 61.1 
100 benzene 105 102.8 
101 toluene 118 100.3 
102 ethylbenzene 100.8 97.9 
103 o-xylene 105 100 
104 m-xylene 104 102.8 
105 p-xylene 103.4 101.2 
106 n-propylbenzene 101.5 98.7 
107 isopropylbenzene 102.1 99.3 
108 o-ethyltoluene 100.2 92.1 
109 m-ethyltoluene 101.8 100 
110 p-ethyltoluene 102 97 
111 1,2,3-trimethylbenzene 100.5 101.1 
112 1,3,5-trimethylbenzene 106 100.6 
113 n-butylbenzene 100.4 94.5 
114 isobutylbenzene 101.6 98 
115 sec-butylbenzene 100.7 95.7 
116 tert-butylbenzene 103 100.8 
117 1-methyl-2-n-propylbenzene 100.3 92.2 
118 1-methyl-3-n-propylbenzene 101.8 100 
119 o-cymene 100.6 96 
120 p-cynene 101.4 97.7 
121 m-diethylbenzene 103 97 
122 p-diethylbenzene 100.6 95.2 
123 1,2-dimethyl-3-ethylbenzene 100.4 91.9 
124 1,3-dimethyl-4-ethylbenzene 100.6 95.9 
125 1,3-dimethyl-5-ethylbenzene 102.7 100.2 
126 1,4-dimethyl-2-ethylbenzene 100.6 96 
127 1,2,3,4-tetramethylbenzene 100.5 100 
128 ethanol 108a 90a 

a:taken from [136] 
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Table 4-2: RON and MON of hydrocarbon blends 

 
 

Name Components (vol %) RON MON Ref 

n-heptane 
 

i-octane toluene TMB 
 

CP 1-hexene ethanol 

1 PRF+10 54 36     10 55.6 53 [136] 
2 PRF+20 48 32     20 69 64 [136] 
3 PRF+30 42 28     30 80.7 76 [136] 
4 PRF+40 36 24     40 90.5 83.6 [136] 
5 PRF+50 30 20     50 97.9 87.5 [136] 
6 PRF+60 24 16     60 102.5 89 [136] 
7 PRF+70 18 12     70 104.8 89.8 [136] 
8 PRF+80 12 8     80 105.3 90.2 [136] 
9 PRF+90 6 4     90 108.5 91 [136] 
10 TPRF 1+0 42.5 47.3 10.2    0 60.8 58 [136] 
11 TPRF 1+10 38.3 42.5 9.2    10 71.9 68 [136] 
12 TPRF 1+20 34.0 37.8 8.2    20 82.5 77.7 [136] 
13 TPRF 1+40 25.5 28.4 6.1    40 97.8 87.8 [136] 
14 TPRF 1+60 17.0 18.9 4.1    60 105.2 88.5 [136] 
15 TPRF 2+0 46.5 33.7 19.8    0 59.5 55.5 [136] 
16 TPRF 2+10 41.9 30.3 17.8    10 70.3 65 [136] 
17 TPRF 2+20 37.2 27.0 15.8    20 81 75.8 [136] 
18 TPRF 2+40 27.9 20.2 11.9    40 96.8 86.6 [136] 
19 TPRF 2+60 18.6 13.5 7.9    60 104.4 89.7 [136] 
20 TPRF 3+0 54.2 5.6 40.2    0 57.5 50.7 [136] 
21 TPRF 3+10 48.8 5.0 36.2    10 68.7 59.4 [136] 
21 TPRF 3+20 43.3 4.5 32.2    20 78.3 70.5 [136] 
23 TPRF 3+40 32.5 3.4 24.1    40 94.4 84.3 [136] 
24 TPRF 3+60 21.7 2.2 16.1    60 103.4 88.4 [136] 
25 TPRF 4+1 40 60 0    0 60.6 60.8 [163] 
26 TPRF 4+2 40 45 15    0 64.3 62.3 [163] 
27 TPRF 4+3   35 57.5 7.5    0 67.3 66.1 [163] 
28 TPRF 4+4   40 47.5 7.5    5 66.6 64 [163] 
29 TPRF 4+5   30 70 0    0 70.3 70.4 [163] 
30 TPRF 4+6   40 35 15    10 72.2 69 [163] 
31 TPRF 4+7   35 60 0    5 70.5 68.7 [163] 
32 TPRF 4+8   30 55 15    0 74.2 71.9 [163] 
33 TPRF 4+9   40 50 0    10 69.7 66.8 [163] 
34 TPRF 4+10   35 45 15    5 73.5 69.4 [163] 
35 TPRF 4+11   35 52.5 7.5    5 71.9 69.4 [163] 
36 TPRF 4+12   35 47.5 7.5    10 74.9 71.8 [163] 
37 TPRF 4+13   30 57.5 7.5    5 76.8 74.2 [163] 
38 TPRF 4+14   30 60 0    10 78.7 76.7 [163] 
39 TPRF 4+15  30 45 15    10 81.6 77.2 [163] 
40 TMB+0    100   0 109.5 108 [149] 
41 TMB+10    90   10 107 102 [149] 
42 TMB+25    75   25 105 95.5 [149] 
43 TMB+40    60   40 104 93.5 [149] 
44 TMB+60    40   60 103.8 91 [149] 
45 CP+0     100  0 100 85.6 [149] 
46 CP+10     90  10 101 85.9 [149] 
47 CP+25     75  25 102.3 86.3 [149] 
48 CP+40     60  40 103.3 86.6 [149] 
49 CP+60     40  60 104.8 87.2 [149] 
50 Hex+0      100 0 73.6 64.5 [149] 
51 Hex+10      90 10 81 68.5 [149] 
52 Hex+25      75 25 89.2 74.5 [149] 
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53 Hex+40      60 40 96.5 79.5 [149] 
54 Hex+60      40 60 101.7 84 [149] 
55 TPRF 1 26.6 0.0 73.4     92.3 80.7 [164] 
56 TPRF 2 9.8 72.3 17.9     93.7 90.3 [164] 
57 TPRF 3 16.5 43.5 39.9     93 85.8 [164] 
58 TPRF 4 14.6 51.7 33.7     93 86.7 [164] 
59 TPRF 5 20.8 0.0 79.2     97.7 86.2 [164] 
60 TPRF 6 10.0 65.1 24.9     95.2 90.5 [164] 
61 TPRF 7 14.9 35.0 50.0     96.3 87.3 [164] 
62 TPRF 8 16.6 69.3 14.1     86.6 84.2 [164] 
63 TPRF 9 16.2 74.2 9.7     85.7 84.6 [164] 
64 TPRF 10 13.7 42.8 43.5     96.3 88.3 [164] 
65 TPRF 11 16.6 16.7 66.6     98 87.4 [164] 
66 TPRF 12 66.6 16.7 16.7     39 37 [164] 
67 TPRF 13 16.6 66.7 16.7     87 84 [164] 
68 TPRF 14 49.9 0.0 50.1     65.9 57.7 [164] 
69 TPRF 15 33.3 33.4 33.3     76.2 70.9 [164] 
70 TPRF 16 41.9 0.0 58.1     75.6 66.9 [164] 
71 TPRF 17 34.0 0.0 66.0     85.2 74.8 [164] 
72 TPRF 18 30.0 0.0 70.0     89.3 78.2 [164] 
73 TPRF 19 26.0 0.0 74.0     93.4 81.5 [164] 
74 TPRF 20 21.0 5.0 73.9     96.9 85.2 [164] 
75 TPRF 21 16.0 10.0 74.0     99.8 88.7 [164] 
76 TPRF 22 36.0 54.0 10.0     66 64.4 [164] 
77 TPRF 23 18.0 72.0 10.0     84.5 82 [164] 
78 TPRF 24 32.0 48.0 20.0     73.6 70 [164] 
79 TPRF 25 16.0 64.0 20.0     89.1 85.6 [164] 
80 TPRF 26 56.0 14.0 30.0     53.2 48 [164] 
81 TPRF 27 42.0 28.0 30.0     66.1 61 [164] 
82 TPRF28 28.0 42.0 30.0     79 74 [164] 
83 TPRF 29 14.0 56.0 30.0     92.8 86.9 [164] 
84 TPRF 30 48.0 12.0 40.0     63.7 58 [164] 
85 TPRF 31 36.0 24.0 40.0     75.1 68 [164] 
86 TPRF 32 24.0 36.0 40.0     86.2 79.6 [164] 
87 TPRF 33 11.9 48.0 40.0     96.7 88.7 [164] 
88 TPRF 34 40.0 10.0 50.0     75.5 68 [164] 
89 TPRF 35 30.0 20.0 50.0     83.8 76.2 [164] 
90 TPRF 36 20.0 30.0 50.0     92.1 82.9 [164] 
91 TPRF 37 9.9 40.0 50.0     99.8 90.9 [164] 
92 TPRF 38 30.0 10.0 60.0     85.3 75.2 [164] 
93 TPRF 39 20.0 20.0 60.0     95 83.7 [164] 
94 TPRF 40 33.0 52.0 15.0     71.2 69 [164] 
95 TPRF 41 40.0 30.0 30.0     68.4 63.7 [164] 
96 TPRF 42 12.5 72.5 15.0     90.5 88 [164] 
97 TPRF 43 17.5 52.5 30.0     89.5 84.7 [164] 
98 MC 1 23.0 57.0 0.0   20.0  74.6 72 [164] 
99 MC 2 31.0 44.0 15.0   10.0  72 68 [164] 
100 MC 3 29.0 36.0 15.0   20.0  72 67.2 [164] 
101 MC 4 5.1 84.7 0.0   10.2  92.9 90.2 [164] 
102 MC 5 3.0 77.0 0.0   20.0  93 88.5 [164] 
103 MC 6 10.0 65.0 15.0   10.0  91.2 86.8 [164] 
104 MC 7 28.0 57.0 0.0 15.0    77.8 74.6 [164] 
105 MC 8 7.0 58.0 15.0   20.0  91.7 85.2 [164] 
106 MC 9 29.0 41.0 0.0 30.0    83 77.7 [164] 
107 MC 10 14 46.5 32   7.5  91.4 84.9 [164] 
108 MC 11 31.0 54.0 8.0 7.0    73.5 71.8 [164] 
109 MC 12 11.0 39.0 30.0   20.0  90.9 82.7 [164] 



96 
 

110 MC 13 34.0 36.0 17.6 12.3    76.7 72 [164] 
111 MC 14 9.0 76.0 0.0 15.0    94.2 90.5 [164] 
112 MC 15 34.0 36.0 15.0 15.0    82.6 76.2 [164] 
113 MC 16 9.0 61.0 0.0 30.0    96.8 90 [164] 
114 MC 17 10.0 75.0 8.0 7.0    93.3 90.1 [164] 
115 MC 18 12.5 57.5 15.0 15.0    94.4 88.4 [164] 
116 MC 19 25.0 65.0 0.0  10   74.2 72.6 [164] 
117 MC 20 9.0 81.0 0.0  10   94.1 91.4 [164] 
118 MC 21 9.0 71.0 0.0  20   97.5 90.7 [164] 
119 MC 22 13.0 62.0 15.0  10   93 88 [164] 
120 MC 23 17.0 43.0 30.0  10   91.7 85.5 [164] 
121 MC 24 14.0 51.0 15.0  20   94.5 87.8 [164] 
122 MC 25 18.0 32.0 30.0  20   92.9 85.3 [164] 
123 MC 26 43.0 7.0 30.0  20   70.9 66 [164] 

i-octane refers to 2,2,4-trimethylpentane; TMB refers to 1,2,4-trimethylbenzene; CP refers to cyclopentane and MC refers to 
multi component; 
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Table 4-3: RON and MON of gasoline-ethanol blends. Ref [149] 

S.no Name Components (vol %) RON MON 

FACE A 
gasoline  

 

FACE C 
gasoline 

FACE F 
gasoline 

FACE G 
gasoline 

 

FACE I 
gasoline 

FACE F 
gasoline 

ethanol 

1 FACE A+0 100      0 83.6 82.9 

2 FACE A+10 90      10 92 88 

3 FACE A+25 75      25 100.7 92.6 

4 FACE A+40 60      40 104.1 91.7 

5 FACE A+60 40      60 106 91.3 

6 FACE C+0  100     0 84.4 83 

7 FACE C+10  90     10 92.2 87.1 

8 FACE C+25  75     25 100.3 90.5 

9 FACE C+40  60     40 104.1 91 

10 FACE C+60  40     60 105.8 91.3 

11 FACE F+0   100    0 94.2 87.4 

12 FACE F+10   90    10 98.9 88.5 

13 FACE F+25   75    25 103.2 89.5 

14 FACE F+40   60    40 104.7 90.3 

15 FACE F+60   40    60 105.7 90.5 

16 FACE G+0    100   0 96.4 84.9 

17 FACE G+10    90   10 98.8 86.1 

18 FACE G+25    75   25 102.4 87.9 

19 FACE G+40    60   40 103 88.5 

20 FACE G+60    40   60 105 88.9 

21 FACE I+0     100  0 69.5 69 

22 FACE I+10     90  10 79.9 78 

23 FACE I+25     75  25 89.8 85.3 

24 FACE I+40     60  40 98 88.3 

25 FACE I+60     40  60 103.6 89.7 

26 FACE J+0      100 0 71.8 66.9 

27 FACE J+10      90 10 79 73.6 

28 FACE J+25      75 25 89.8 81.7 

29 FACE J+40      60 40 98 85.9 

30 FACE J+60      40 60 103.6 88.2 

          

4.4 Effect of functional groups on RON and MON 

Gasoline octane rating depends on the fuel’s chemical composition [71]. n-Paraffins have 

shorter ignition delays compared to aromatic and naphthenic molecules of the same C 

number due to the rapid radical chain branching initiated by low-temperature oxidation 
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reactions. Aromatic molecules are more knock resistant and display longer ignition delays 

due to their stabilized radical intermediates. The effect of the functional groups that make 

up these molecules on RON and MON is discussed below. 

4.4.1 Paraffinic CH3 groups 

The occurrence and the degree of methyl substitution has a great impact on the ignition 

of paraffinic fuels as experimentally shown by Lapuerta et al. [18]. Experiments 

performed on mixtures of C16 isomers (n-hexadecane, 2,6,10-trimethyltridecane and 

heptamethylnonane) in a constant volume combustion chamber showed that  increasing 

methyl branches resulted in an increase in ignition delay [18]. Low temperature chain 

branching reactions are also inhibited by methyl substitution [86]. Figure 4-2 shows the 

effect of paraffinic CH3 groups in hydrocarbon-ethanol and gasoline-ethanol blends on 

their RON and MON. It can be seen that as the paraffinic CH3 content increases, both RON 

and MON generally continue to decrease. In blends of 1,2,4-trimethylbenzene and 

ethanol we see an opposing trend. When ethanol is added to 1,2,4-trimethylbenzene, 

RON of the mixture reduces due to antagonistic effects, and its value is lower than the 

individual ON of both the molecules. The CH3 content of 1,2,4-trimethylbenzene (37.5 wt 

%) is slightly higher than that of ethanol (32 wt %), and addition of ethanol reduces the 

overall CH3 content while simultaneously reducing both RON and MON. Addition of 

ethanol to TPRF 3 blends does not change the CH3 content significantly, so RON and MON 

increase due to ethanol’s octane boosting effect. For FACE J gasoline blended with 

ethanol, we see an increase in RON/MON with increase in CH3 content. This is because 
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FACE J gasoline contains lower CH3 content (25.4 wt %) than ethanol and also lower than 

the other FACE gasolines analyzed in the study. 

 
Figure 4-2: Effect of paraffinic CH3 groups on a) RON of hydrocarbons blended with ethanol b) 
RON of FACE gasolines blended with ethanol c) MON of hydrocarbons blended with ethanol and 
d) MON of FACE gasolines blended with ethanol 

 

4.4.2 Paraffinic CH2 groups 

Paraffinic CH2 and CH3 groups play a major role in the combustion characteristics of 

paraffinic fuels [16]. Generally the lengthening of the main chain in n-paraffins or iso-

paraffins (increasing CH2 content) leads to decrease in the ignition delay time and 
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therefore tends to decrease the octane number of the molecule. The mass ratio of 

CH2/CH3 groups has been experimentally shown to be a governing parameter in auto-

ignition reaction of paraffins by performing experiments with C16 isomers with the same 

CH2/CH3 ratio [18]. CH2 groups have been identified along with CH3 and benzyl groups as 

constraints that effect the gas phase combustion of jet fuels [165]. The effect of paraffinic 

CH2 groups on RON/MON of pure hydrocarbon-ethanol and gasoline-ethanol blends is 

shown in Figure 4-3. As the paraffinic CH2 content increases, RON/MON decreases in all 

the pure hydrocarbon blends. There is an increase in RON/MON in FACE A, F and G 

gasoline-ethanol blends. This is because ethanol addition brings about a net decrease in 

the paraffinic CH2 content of the mixture. 
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Figure 4-3: Effect of paraffinic CH2 groups on a) RON of hydrocarbons blended with ethanol b) 
RON of FACE gasolines blended with ethanol c) MON of hydrocarbons blended with ethanol and 
d) MON of FACE gasolines blended with ethanol 

 

4.4.3 Paraffinic CH groups 

Octane rating generally increases by the addition of a side chain in a paraffin or an olefinic 

molecule. The position of the alkyl side chain also affects the ON of the molecule.  

Particularly, introduction of a branch (CH group) in the center of a paraffin or olefin results 

in the increase of RON/MON.  Paraffinic CH groups have lower bond dissociation energy 

compared to paraffinic CH2 and CH3 groups which reduces the energy barrier for H-atom 

abstraction and migration reactions.  In addition, introducing methyl substitutions hinders 
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low temperature reactions leading to ignition [54,57,166–168]. Figure 4-4 shows the 

effect of paraffinic CH groups on RON/MON of hydrocarbon-ethanol and gasoline-ethanol 

blends. It can be observed throughout that RON/MON decreases with increase in 

paraffinic CH groups. This unexpected trend is because ethanol does not contain any 

paraffinic CH group, and its addition to both the hydrocarbon blends and gasolines 

reduces paraffinic CH content of the mixture.  Because the hydroxyl functionality is so 

effective at inhibiting reactivity, decreasing paraffinic CH content by ethanol addition 

serves to increase the RON/MON. 

 
Figure 4-4: Effect of paraffinic CH groups on a) RON of hydrocarbons blended with ethanol b) RON 
of FACE gasolines blended with ethanol c) MON of hydrocarbons blended with ethanol and d) 
MON of FACE gasolines blended with ethanol 
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4.4.4 Olefinic –CH=CH2 groups 

The ON of olefins are usually greater than their corresponding paraffins/iso-paraffins of 

the same carbon number because olefinic functional groups are comparatively less 

reactive. Olefins are sometimes present in gasoline fuels in small fractions and have a 

major effect on the autoignition characteristics and their oxidative stability. At high 

temperatures (> 1000 K) oxidation commences by abstraction of allylic H atoms which are 

in a β position to the double bond. The position of these double bonds also affects their 

ON. The effect of olefinic –CH=CH2 groups present in hydrocarbon-ethanol and gasoline-

ethanol blends on their RON/MON is shown in Figure 4-5. It can be observed throughout 

the blends that as the olefinic groups increase, RON/MON continue to decrease, which 

again indicates that ethanol addition decreases olefinic content but increases antiknock 

quality. 
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Figure 4-5: Effect of olefinic -CH=CH2  groups on a) RON of hydrocarbons blended with ethanol b) 
RON of FACE gasolines blended with ethanol c) MON of hydrocarbons blended with ethanol and 
d) MON of FACE gasolines blended with ethanol 

 

4.4.5 Naphthenic –CH-CH2 groups 

 Gasolines usually contain naphthenes (< 20 vol %) and their molecular formula is 

similar to mono-alkenes but their combustion chemistry is significantly different due to 

their ringed structures. Naphthenes generally have higher ON compared to n-paraffins, 

iso-paraffins and olefins of the same carbon number (e.g., comparing cyclopentane and 

other C5 hydrocarbons [169,170]. The ON of naphthenes can be increased by converting 

them into aromatics via dehydrogenation, and naphthenes possess high sooting tendency 
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due to their propensity to form aromatic rings. The combustion chemistry of naphthenes 

is similar to that of n-paraffins. At high temperatures, cyclo-alkyl radicals are formed and 

subsequent ring-opening results in the formation of dienes. At low temperatures, the 

cycloalkyl radicals form alkylperoxy radicals after reacting with O2. Figure 4-6 shows the 

effect of variation of naphthenic –CH-CH2 groups on RON/MON of hydrocarbon-ethanol 

and gasoline-ethanol blends. When naphthenic groups reduce due to the addition of 

ethanol, the RON/MON of the fuel increases in all the mixtures studied. 

 
Figure 4-6: Effect of naphthenic CH-CH2 groups on a) RON of hydrocarbons blended with ethanol 
b) RON of FACE gasolines blended with ethanol c) MON of hydrocarbons blended with ethanol 
and d) MON of FACE gasolines blended with ethanol 
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4.4.6 Aromatic C-CH groups 

 Aromatic groups increase the octane rating of the fuel by increasing the ignition 

delay time. Aromatic molecules have higher RON/MON (and sensitivity) compared to 

their corresponding napthenic molecules with the same carbon number. Toluene has a 

higher RON/MON (118/100.3) compared to methylcyclohexane (89.2/72), respectively.  

The addition of alkyl chains to an aromatic tends to reduce the ON of the molecule. The 

low and intermediate temperature combustion chemistry of aromatics is significantly 

different than that of paraffins/ iso-paraffins. H atoms bonded to aromatic rings have high 

bond dissociation energies that hinder initiation reactions. However, H atoms in alkyl 

chains connected to the aromatic rings are easier to abstract. The effect of aromatic C-CH 

groups on the RON/MON of hydrocarbon-ethanol and gasoline-ethanol blends is shown 

in Figure 4-7. The addition of ethanol results in a net reduction of the aromatic C-CH 

groups, which should lead the observer to expect a reduction in both RON and MON, but 

however a steady increase in RON and MON is seen. This is because, while the aromatic 

C-CH groups decrease, the ethanol OH group increases steadily and compensates for the 

octane boosting nature of the aromatic groups. This shows that ethanol’s OH group has a 

more dominant effect on octane boosting compared to all other functional groups studied 

here. 
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Figure 4-7: Effect of aromatic CH groups on a) RON of hydrocarbons blended with ethanol b) RON 
of FACE gasolines blended with ethanol c) MON of hydrocarbons blended with ethanol and d) 
MON of FACE gasolines blended with ethanol 

 

4.4.7 Ethanol OH group 

 As shown by the results above, a unit increase of ethanol OH groups in the fuel 

has a greater effect on RON/MON compared to the other groups. This is because ethanol 

reacts with OH radicals to primarily form CH3CHOH radicals. The OH group connected to 

the hydrocarbon chain in ethanol weakens the bond strength of the adjacent CH2 making 

it easy to abstract [171]. The alpha-hydroxyethyl radicals undergo a chain termination 
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pathway; they react with O2 to form acetaldehyde and HO2 radical. Therefore, ethanol 

addition acts as a radical scavenger and leads to the reduction of low temperature heat 

release (LTHR) and the reactivity of the fuel [172]. Figure 4-8 shows the effect of ethanol 

OH groups on the RON/MON of hydrocarbon-ethanol and gasoline-ethanol blends. It can 

be observed that as the ethanol OH groups increase, RON/MON increase except for the 

1,2,4-trimethylbenzene-ethanol blends as discussed in section 3.3.4.1 

 
Figure 4-8: Effect of ethanol OH groups on a) RON of hydrocarbons blended with ethanol b) RON 
of FACE gasolines blended with ethanol c) MON of hydrocarbons blended with ethanol and d) 
MON of FACE gasolines blended with ethanol 
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4.4.8 Molecular weight 

 The ON of a molecule generally decreases with increase in its molecular weight. 

This is valid for all cases of n-parafffins. For iso-paraffins, ON generally decreases with 

increasing size provided the degree of branching remains the same. Gasolines typically 

have a molecular weight in the range (≈ 100 g/mol) with average carbon number of 7. 

Aromatics comprise the highest molecular weight compounds present in gasolines in C6 – 

C9 range. Average molecular weight of gasoline has a major effect on its physical 

properties. The effect of molecular weight on the RON/MON of hydrocarbon-ethanol and 

gasoline-ethanol blends is shown in Figure 4-9. It is observed that when the molecular 

weight of the mixtures increases, RON/MON decreases. 
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Figure 4-9: Effect of molecular weight on a) RON of hydrocarbons blended with ethanol b) RON of 
FACE gasolines blended with ethanol c) MON of hydrocarbons blended with ethanol and d) MON 
of FACE gasolines blended with ethanol 

 

4.4.9 Branching Index (BI) 

 Branched paraffins of the same carbon number show an increase in the ON when 

the degree of branching increases. Also the position of the branch (or methyl substitution) 

has an effect on the reactivity of the molecule. RON/MON of 2,2-dimethylbutane and 2,3-

dimethylbutane is 91.8/93.4 and 100.3/94.3, respectively. These molecules have the 

same distribution of functional groups, molecular weight and CH3/CH2 ratio. The  BI term 
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defined in our previous work [49] quantifies the ‘degree’ of branching and also 

incorporates a position index (PI) to account for the effect of the position of the methyl 

substitution. Also, an expression was developed to calculate the branching index of 

gasolines from their 1H NMR spectra. Figure 4-10 shows the effect of branching index on 

the RON/MON of hydrocarbon-ethanol and gasoline-ethanol blends. As per the 

definition, ethanol has a BI of 0 and its addition reduces the overall BI of the mixture.  

 
Figure 4-10: Effect of BI on a) RON of hydrocarbons blended with ethanol b) RON of FACE gasolines 
blended with ethanol c) MON of hydrocarbons blended with ethanol and d) MON of FACE 
gasolines blended with ethanol 
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 4.5 ANN Model 

The data was split into a randomly generated validation set containing 57 points and a 

training set containing 225 points, in a 20/80 split. The fixed test set was used for the final 

evaluation of the RON and MON ANN models. The ANN models were designed using the 

tools made available by Keras, a deep-learning library on top of Theano, and optimization 

of the models was performed using an in-house python code.  In order to “tune” the ANN 

model, a continuous evaluation method is required. Adjusting the model directly on the 

test set leads to information from the test set leaking in to the final model, resulting in 

misrepresentative error metrics. This is why a separate set, the “validation set” was used 

exclusively for evaluating the model during fine-tuning. Due to the size of the dataset and 

its broad domain, defining a separate validation set would have led to a significant drop 

in overall learning capabilities. Instead K-fold Cross Validation (CV) was used. Not only is 

this a reliable validation method, it can also overcome the innate variance of the dataset 

to some degree, as the amount of information extracted from the dataset is maximized 

without prioritizing certain examples over others.  

 Firstly, the training set was split up in to K number of “folds” or subsamples, one 

of which was chosen as the validation fold, while the others were used for the training of 

the model. This was rotated until each fold had been tested on. The evaluation of the 

model consists of the average over the K tested folds.  Based on this evaluation, the 

following hyper parameters were tuned: the number of units per layer, regularization 

(common method for combating overfitting) coefficients, and the number of layers. Each 
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node in the network has an associated weight that is directly proportional to the influence 

of that particular feature. For this study, feed forward neural networks [173] were used, 

wherein the data moves in a single direction: from the input layer to the output. After a 

certain number of iterations, also known as epochs, of the above process, a local minima 

was found for the specific ANN and dataset.  Multiple feed forward architectures 

(topology of the model) were tested to arrive at the models that gave the best results. 

Finally, the ANN was retrained on all the folds (the original training set) and evaluated on 

the test set, which lead to a robust model. A distinct model was constructed for both RON 

and MON using the same initially defined training and test sets. The topology of the final 

models are expressed as units in each layer separated by a dash; the first unit represents 

the input layer, the last  unit refers to the output layer, and the middle two units represent 

the hidden layers.  The topology and error metrics are presented in Table 4-4.  Detailed 

description of the methodology adopted for developing the models is provided in 

appendix C. 

Table 4-4: Final ANN architecture  

ON Architecture Mean error 

absolute RMS percentage 

RON 9-540-314-1 1.6 2.2 1.8 

MON 9-340-603-1 1.3 2.2 1.6 

 

There is good comparison between the experimental and the predicted values of RON 

and MON as shown in Figure 4-11. The value of the regression coefficient (R2) obtained 

for both the cases was 0.99. Some of the points showed an absolute error of prediction 
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of up to 6. The most likely reason for these outliers is that they could be statistically 

unique when compared to the rest of the dataset. When training the ANN, the 

relationships found between the input features and the output of interest are going to be 

those that are most prominent. If there are a few data points that do not fit this trend, or 

which have particular properties that are relatively unique, then the ANN may struggle in 

predicting their values accurately. The mean absolute error of prediction for RON and 

MON for the test set was found to be 1.2 for both, which is near the vicinity of 

experimental error (0.7) while measuring per the ASTM standard CFR methodology.  

 
Figure 4-11: Comparison of measured and predicted RON and MON values using the ANN models 
 

The majority of predictive models [150,157,174,175] in the literature use MLR for 

simplicity and ease in developing the model from a given dataset. MLR develops a 

mathematical relation between a dependent variable (ON) and a number of independent 

variables (the nine functional group parameters used herein) in the form of a straight line 

equation that best fits all the points in the dataset.   A separate model for RON and MON, 
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was also developed using MLR with the present dataset and presented in Equations 4-1 

and 4-2, respectively. 

𝑅𝑂𝑁 = 44.82 + 0.86 ∗ 𝑝𝑎𝑟𝑎𝑓𝑓𝑖𝑛𝑖𝑐 𝐶𝐻3 (𝑤𝑡 %) + 0.25 ∗ 𝑝𝑎𝑟𝑎𝑓𝑓𝑖𝑛𝑖𝑐 𝐶𝐻2(𝑤𝑡 %) +

0.23 ∗ 𝑝𝑎𝑟𝑎𝑓𝑓𝑖𝑛𝑖𝑐 𝐶𝐻(𝑤𝑡 %) + 0.76 ∗ 𝑜𝑙𝑒𝑓𝑖𝑛𝑖𝑐 − 𝐶𝐻 = 𝐶𝐻2(𝑤𝑡 %) + 0.43 ∗

𝑛𝑎𝑝ℎ𝑡ℎ𝑒𝑛𝑖𝑐 𝐶𝐻 − 𝐶𝐻2(𝑤𝑡 %) + 0.56 ∗ 𝑎𝑟𝑜𝑚𝑎𝑡𝑖𝑐 𝐶 − 𝐶𝐻(𝑤𝑡 %) + 1.22 ∗

𝑒𝑡ℎ𝑎𝑛𝑜𝑙𝑖𝑐 𝑂𝐻(𝑤𝑡 %) −  0.31 ∗ 𝑀𝑊 + 26.69 ∗ 𝐵𝐼     (4-1) 

𝑀𝑂𝑁 = 31.26 + 0.86 ∗ 𝑝𝑎𝑟𝑎𝑓𝑓𝑖𝑛𝑖𝑐 𝐶𝐻3 (𝑤𝑡 %) + 0.29 ∗ 𝑝𝑎𝑟𝑎𝑓𝑓𝑖𝑛𝑖𝑐 𝐶𝐻2(𝑤𝑡 %) +

0.26 ∗ 𝑝𝑎𝑟𝑎𝑓𝑓𝑖𝑛𝑖𝑐 𝐶𝐻(𝑤𝑡 %) + 0.49 ∗ 𝑜𝑙𝑒𝑓𝑖𝑛𝑖𝑐 − 𝐶𝐻 = 𝐶𝐻2(𝑤𝑡 %) + 0.40 ∗

𝑛𝑎𝑝ℎ𝑡ℎ𝑒𝑛𝑖𝑐 𝐶𝐻 − 𝐶𝐻2(𝑤𝑡 %) + 0.49 ∗ 𝑎𝑟𝑜𝑚𝑎𝑡𝑖𝑐 𝐶 − 𝐶𝐻(𝑤𝑡 %) + 0.94 ∗

𝑒𝑡ℎ𝑎𝑛𝑜𝑙𝑖𝑐 𝑂𝐻(𝑤𝑡 %) −  0.22 ∗ 𝑀𝑊 + 28.47 ∗ 𝐵𝐼     (4-2) 

As seen from Figure 4-12, there is a poor comparison between the measured and MLR 

predicted values, wherein R2 for RON and MON are 0.52 and 0.51, respectively. This is 

mostly due to the antagonistic effect of ethanol addition[149,80,150,172,176], which a 

linear MLR model is unable to capture.  

 
Figure 4-12: Comparison of measured and predicted RON and MON values using MLR 
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Octane sensitivity (OS)[177], defined as the difference between RON and MON, is a 

measure of the difference in auto-ignition chemistry between that of the fuel and PRF. 

High octane sensitive fuels are more resistant to knock and are of interest in modern SI 

engines. The measured and predicted sensitivity of fuels are shown in Figure 4-13. As 

seen, the ANN models are also able to capture the octane sensitivity of the fuels in the 

dataset. The mean absolute error of prediction of the octane sensitivity is 1.4, which is 

also close to the level of experimental error.  

 
 

Figure 4-13: Comparison of measured and predicted sensitivity of the fuels 
 

This shows that the ON of pure hydrocarbons, blends, oxygenated gasoline fuels etc. can 

be predicted by knowledge of the functional groups comprising them. Also, ANN can be 

as used a successful tool to establish a relationship between ON and functional groups 
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along with BI and molecular weight. The developed ANN model can be used to predict 

the octane numbers of pure hydrocarbons and blends. It can also be used to design fuels 

of specified RON and MON targets. The ON of oxygenated gasoline fuels can be predicted 

with knowledge of the 1H NMR spectra. These models are implemented in the Fuel Design 

Tool on CloudFlame [178,179] (cloudflame.kauste.edu.sa) cyber-infrastructure 

developed by KAUST and Saudi Aramco for predicting RON and MON. A list of standard 

molecules are also included in the tool; entering the composition in vol % or mol % of a 

known blend calculates he input parameters as well as  RON and MON values of the blend. 

For real fuels like gasolines, the RON and MON can be automatically computed by 

uploading the 1H NMR spectra of the fuel. 

3.3.5 Conclusion 

An ANN based model was developed to predict the RON and MON of pure hydrocarbons, 

hydrocarbon-ethanol blends and gasoline-ethanol blends. Seven functional groups 

namely paraffinic CH3 groups, paraffinic CH2 groups, paraffinic CH groups, olefinic -

CH=CH2 groups, naphthenic CH-CH2 groups, aromatic C-CH groups and ethanol OH groups 

along with branching index (BI) and molecular weight were utilized as inputs of the model. 

A dataset comprising of 281 points (128 pure hydrocarbons, 123 hydrocarbon-ethanol 

blends and 30 gasoline-ethanol blends) was used and the nine inputs for each of these 

points was calculated. The developed ANN models with two hidden layers and a high 

number of nodes for both RON (9-540-314-1) and MON (9-340-603-1) resulted in the 

lowest error metrics.  The model was validated against a separate test set comprising 20% 
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of the original data set and there was a good accuracy of prediction for both RON and 

MON (R2=0.98). The mean absolute error of prediction for RON and MON was found to 

be 1.2 which is close to the experimental measurement error. The developed ANN models 

can be used to predict the ON of pure hydrocarbons, hydrocarbon-ethanol and gasoline- 

ethanol blends by knowledge of the functional groups, branching index (BI) and molecular 

weight. 

 

 

 

 

 

 

 

 

 

 



Chapter 5: Diesel and jet fuel surrogate formulation 

5.1 Introduction 

In this chapter the functional group approach is extended and applied to diesel and jet 

fuels.  Diesels are any liquid fuels that are used in diesel engines where fuel ignition takes 

place as a result of compression. The inlet air is compressed and the diesel fuel is injected. 

Diesel engines offer higher thermodynamic and fuel efficiency compared to a petrol 

engine. There are many types of diesel but majority of the road diesel used in engines is 

produced from fractional distillation of crude oil.  Other diesel types not produced from 

crude oil like biodiesel, gas to liquid diesel, biomass to liquid diesel are also being used.  

MFG surrogates will be developed for three practical diesel fuels (Coryton Euro and 

Coryton US-2D certification grade and Saudi pump grade) and two jet fuels (POSF 4658 

and POSF 4734) by matching five key the functional groups (i.e., paraffinic CH3, paraffinic 

CH2, paraffinic CH, naphthenic CH-CH2 and aromatic C-CH groups) while minimizing the 

number of surrogate species to a maximum of two. The functional groups present in 

diesels were evaluated by high resolution 1H NMR spectroscopy and those in jet fuels 

were calculated using GC-MS. The formulated surrogates were experimentally validated 

using ignition delay time (IDT) measured in an ignition quality tester (IQT).   

Significant research has been carried out to develop surrogates for diesel [180–184] and 

jet fuels [82,185]. Different methodologies [68,76,84,186] have been proposed for the 

selection of surrogate components and their blending to formulate mixtures. For diesels, 

a mixture of n-hexadecane and 2,2,4,4,6,8,8-heptamethylnonane is used as the PRF 
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mixture to match compression ignition delay characteristics (i.e., cetane rating).  

Approaches [87] for surrogate formulation for diesel add species from each hydrocarbon 

class to create a surrogate palette containing several (usually 3-7) species. To date, the 

majority of surrogate formulation methodologies are an engineering art possessing 

limitations as recently discussed by [129] when considering experimental uncertainties. 

The MFG approach for surrogate formulation offers a fundamental methodology in 

selecting species based on the fuels chemical composition expressed as functional groups. 

5.2 Fuel characterization 

1H NMR experiments of the three diesel fuels were recorded using Bruker 700 AVANAC III 

spectrometer equipped with a Bruker CP TCI multinuclear CryoProbe (BrukerBioSpin) at 

298 K. The Coryton Euro and US-2D diesels were obtained from Coryton Advanced Fuels 

Ltd (UK) and the Saudi diesel was obtained from a gas station in Saudi Arabia. Samples 

were prepared by dissolving 50 µl of the samples in 700 µl of deuterated chloroform 

CDCl3. A recycle delay time of 5s was used and 128 scans were collected with standard 1D 

90o pulse sequence using the standard (zg) program from Bruker pulse library. The spectra 

were collected with 20 ppm of spectral width corresponding to 14098 Hz, and digitized 

into 64k data points. Chemical shifts were adjusted using Tetramethylsilane (TMS) as the 

internal standard. The spectra was processed using Bruker Topspin 2.1 software. An 

exponential function equivalent to a 0.3 Hz line broadening was applied before Fourier 

transform. Each spectra were processed 5 times, after adjusting the baseline and visual 
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phasing, the average values were used. The 1H NMR spectra of the diesel samples is 

shown in Figure 5-1. 

 

Figure 5-1. 1H NMR spectra of the diesel samples. 

The functional groups in the jet fuels were calculated from the pure components 

identified using GC-MS from [187,188]. The molecules were broken down to their 

constituent functional groups and then summed up to yield the functional group 

distribution for the entire fuel. 

5.3 Choosing surrogate species 

After calculating the functional, a systematic survey of molecules was carried out to 

identify potential candidates that can match the target functional groups. Molecular 

weight of the fuel has an important effect on the physical properties, so surrogate 

components were shortlisted such that they fall within the molecular range of the target 

fuels. Two surrogate mixtures were formulated for Coryton Euro diesel. The first 
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surrogate contained four molecules (one from each hydrocarbon class in the fuel) and is 

named as the multicomponent (MC) surrogate. The second surrogate contains two 

molecules and is named as the minimalist functional group (MFG) surrogate. Both these 

surrogates closely emulate the functional group distribution of the real fuel. This was 

carried out to test the minimalist approach proposed in the work, i.e., the ability of a 

simple surrogate to reproduce the reactivity of a more complex surrogate. For the other 

fuels, only one MFG surrogate was formulated, as shown in Figure 5-2. 

 

Figure 5-2: Surrogate species used to represent the diesel and jet fuels. The composition 

given in the brackets are in mole %. 
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The MC surrogate of Coryton Euro diesel was formulated using n-hexadecane, 

2,2,4,4,6,8,8-heptamethylnonane, n-butylcyclohexane and n-butylbenzene. For the MFG 

surrogates, an attempt was made to design a single molecule that possesses all the 

functional groups seen in the target fuels, but such molecules are not commercially 

available for experimentation, so two molecules were permitted. Coryton Euro diesel has 

an appreciable quantity of all five functional groups and its MFG surrogate was 

represented by indan and 2,6,10-trimethyldodecane. Coryton US-2D diesel has slightly 

more aromatic (22.1 wt %) and naphthenic groups (9.6 wt %) and its MFG surrogate was 

also represented by indan and 2,6,10-trimethyldodecane, albeit it contains slightly more 

indan than the Euro diesel MFG surrogate. The Saudi diesel sample has a negligible 

quantity of naphthenic groups (1.4 wt %) and therefore these functional groups were not 

considered. The MFG surrogate for Saudi diesel was formulated using n-heptylbenzene 

and 2-methylhexane. POSF 4658 jet fuel is very similar to Saudi diesel with a high content 

(18.5 wt %) of aromatic groups and negligible naphthenic content (2.5 wt %); therefore, 

the surrogate also consists of n-heptylbenzene and 2-methylhexane. POSF 4734 is a 

synthetic, paraffinic jet fuel and contains no aromatic groups and neglibible napthenes. 

Its surrogate was formulated with n-dodecane and 3-ethylpentane. Figure 5-3 compares 

the functional groups in the surrogates against those in their respective target fuels. 
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Figure 5-3: Comparison of the functional groups in the real fuels and their surrogates. 

5.4 Physical and chemical properties comparison 

The functional groups in molecules have been shown to determine their physical 

properties (e.g., density [10], viscosity [10]), thermochemical properties (e.g., heat 

capacity [11], heat of formation [12], critical properties, etc.). The molecular building 

blocks (i.e the functional groups) in a fuel have a strong correlation with its physical and 

chemical characteristics [104].  When surrogates are formulated such that they mimic the 

functional groups in the real fuel, the physical and thermochemical properties are likely 

to be matched. Select macroscopic properties such as density, average molecular weight, 

H/C ratio and heat of combustion of the fuels are compared with their respective MFG 

surrogates in Figure 5-4. 
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Figure 5-4: Comparison of the physical and thermochemical properties of the real fuels 

and their surrogates 

The average molecular weight of the diesels was calculated by the distillation curve 

method in [189] and other properties were taken from the certificate of analysis provided 

by the supplier. The properties of the jet fuels were taken from [82,185,187,188].  The 

density and heat of combustion of the MFG surrogates were calculated from individual 

components data taken from the NIST database [109] using linear-by-mass additivity 

rules. Figure 5-4 shows a very good comparison of the physical and thermochemical 

properties of the surrogates with the target fuels, except the molecular weight of the jet 

fuels and Saudi diesel where there is 15-20 % difference. 
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5.5 Ignition Quality Tester 

The global chemical reactivity of the MFG surrogates was assessed in an IQT, which is a 

constant volume combustion chamber designed to characterize diesel-like fuels as per 

the ASTM standard D6890 [7]. It has an internal chamber volume of 0.21 L with an inward 

opening single hole S-type pintle nozzle for liquid fuel injection. The chamber is filled with 

air as oxidizer, which is pressurized to a pressure of 21.37 ± 0.07. The standard 

temperature is obtained by a calibration procedure where the average of 3 IDT 

measurement of n-heptane provides an IDT value of 3.78 ± 0.01 ms. The IDT measured is 

a combination of the physical processes: atomization, evaporation, mixing overlapping 

with the start of chemical reactions eventually leading to ignition. The IDT measurements 

are obtained with the aid of a proximity sensor mounted before the pintle nozzle and a 

pressure transducer. The opening of the nozzle is defined as the start of injection. The 

start of ignition is obtained with the gradient method as discussed in [116,190] to account 

for the low temperature heat release (LTHR) exhibited by some fuels. The time difference 

between the start of ignition and the start of injection is defined as the IDT. The 

temperature dependent IDT of two diesel fuels and their surrogates was also measured 

between the temperature range of 833 – 673 K and compared. 

IDT of the fuels and their respective MFG surrogates were experimentally determined to 

validate the MFG surrogates. Pressure traces of the diesel and jet fuels and their MFG 

surrogates along with the total ignition delay times are shown in Figure 5-5. The pressure 

traces of POSF 4658 and POSF 4734 was estimated based on IDT obtained from IQT 
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experiments performed by [82,185].  The time of injection (SoInj) and time of ignition 

(SoIgn) are also shown in Figure 5-5.  

 

Figure 5-5: Pressure traces of diesel and jet fuels and their respective MFG surrogates 

from the IQT.  Pressure traces of POSF 4658 and POSF 4734 not shown as they were not 

provided in [82,185]. 

The similar IDT of the diesel and jet fuels with their respective surrogates indicates that 

the MFG surrogates have similar reactivity to their target fuels. Differences in total IDT 

for all the fuels and their respective MFG surrogates are less than 5 %. The IDT are similar 

for Saudi diesel (4.12 ms) and POSF 4658 jet fuel (4.32 ms), and their respective 

surrogates.  This is rationalized by the fact that these two fuels have similar functional 

group distribution, thereby highlighting the dependence of fuel reactivity on functional 
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groups.  The IDT of the complex four component MFG surrogate of Coryton diesel is close 

to that of the two component MFG surrogate. This shows that even simple surrogates can 

emulate the behavior of more complex surrogates when their functional groups match. 

The DCN of the real fuels and their surrogates were also evaluated from the knowledge 

of the IDT and are reported in Table 5-1. The difference in DCN for the fuels and all the 

surrogates are less 5 %.    

Tabl 

Name DCN (no unit) 

Fuel MFG surrogate MC surrogate 

Cory. Euro 55.2 56.8 57.1 

Cory. US-2D 51.7 51.4  

Saudi diesel 49.8 50.2  

POSF 4658 47.1 46.8  

POSF 4734 58.7 59.6  

 

The measurement of DCN based on the ASTM standard provides a single condition to 

compare the ignition behavior between the surrogate and the target fuel. This limits the 

temperature range for studying ignition behavior, so it was imperative to test several 

target fuels and their surrogates at non-standard conditions. The IDT measurements at 

temperatures lower than the DCN temperature were obtained at the ASTM standard 

pressure and the temperature was varied from 833 – 673 K at steps of 20 K. The 

temperature dependent IDT of Coryton Euro and Coryton US-2D diesels, and their 

respective surrogates, were obtained in the IQT, as shown in Figure 5-6. The similar IDT 

indicate that the reactivity of the fuel and the MFG surrogates are the comparable across 

the temperature range studied. 
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Figure 5-6: IDT measured at various temperatures for Coryton Euro and Coryton US-2D 
diesels and their surrogates measured in the IQT. 
 

4.2.5 Conclusion 

This work presented a novel minimalist functional group (MFG) methodology to 

formulate surrogates for three diesel and two jet fuels by matching five key functional 

groups namely paraffinic CH3, paraffinic CH2, paraffinic CH, naphthenic CH-CH2 and 

aromatic C-CH groups. High-resolution 1H NMR spectroscopy was used to identify and 

quantify the functional groups present in diesel. For the jet fuels, GC-MS was used to 

calculate the functional groups. The number of surrogate species chosen to represent the 

MFG surrogates was kept to a maximum of two components to simplify the surrogates. 

Physical properties (e.g., density and average molecular weight) and thermochemical 

properties (e.g., H/C ratio and heats of combustion) of the developed surrogates matched 

well with those of the target fuels. The IDT of the fuels and their surrogates was 
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experimentally measured using an IQT and an excellent agreement was obtained. This 

study concludes that surrogates containing a minimal number of species that match the 

functional groups in the target fuel show great potential for successfully emulating real 

fuel combustion characteristics. 
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Chapter 6: Cetane number prediction 

6.1 Introduction 

Internal combustion (IC) engines operated by spark-ignition (SI) or compression-ignition 

(CI) have powered the road transportation sector for over a century. In CI engines ignition 

of the diesel fuel is obtained by injecting the fuel into compressed hot air. CI engines have 

higher efficiencies compared to gasoline SI engines due to their high compression ratios 

and the ability to operate without throttling lean burn. The World Energy Council 

projections [191] for transport energy demand in 2040 indicates that  demand will be 

shifted to diesel and jet fuels [192]. Diesel fuels are comparatively less volatile compared 

to gasoline and their ignition quality impacts CI engine performance. The high demand 

for increasing engine efficiency and reducing the engine emissions has led to the 

development of extensive research in the areas of fuel chemistry and fuel design to tailor 

fuels that meet the required ignition qualities. Cetane number (CN) quantifies the ignition 

quality of diesel fuels, similar to the octane number employed for gasolines.  A fuel’s 

ignition quality under specified conditions is affected by various processes including fuel 

spray, heating, vaporization, mixing and chemical reaction. CN of a fuel is evaluated by 

measuring the ignition delay time (IDT), which is the elapsed time between fuel injection 

and combustion. A fuel that has a high CN has a shorter IDT and therefore burns quickly 

in an engine. One of the standard methods to measure the CN of a diesel fuel is the ASTM 

D613 [6] method which employs a single cylinder CFR engine. Two diesel primary 

reference fuels (PRF), i.e., n-hexadecane and 2,2,4,4,6,8,8-heptamethylnonane (HMN), 
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are utilized wherein n-hexadecane is assigned a CN of 100 and HMN a value of 15. The CN 

of a given fuel is measured from the blend of the diesel PRF that produces a similar 

ignition delay in the CFR engine. The CN is then calculated by Equation 6-1 below, 

𝐶𝑁 = % (𝑏𝑦 𝑉𝑜𝑙𝑢𝑚𝑒) 𝑜𝑓 𝑛 − ℎ𝑒𝑥𝑎𝑑𝑒𝑐𝑎𝑛𝑒 + 0.15 ∗ % (𝑏𝑦 𝑣𝑜𝑙𝑢𝑚𝑒)𝑜𝑓 𝐻𝑀𝑁 (6-1) 

Another standard method of measuring fuel ignition quality is by  ASTM D6890 [7], which 

employs a constant volume combustion chamber known as the Ignition Quality Tester 

(IQT). The IDT of a fuel is measured by the IQT, defined as the time period between the 

lifting of the injector and the recovery of the combustion chamber pressure. The derived 

cetane number (DCN) is then calculated from the measured ignition delay by Equations 

4-2 and 4-3 [7]. 

𝐷𝐶𝑁 = 4.46 + (
186.6

𝐼𝐷
)     (6-2) 

𝐷𝐶𝑁 = (83.99(𝐼𝐷 − 1.512)−0.658) + 3.547      (6-3) 

Equation 6-2 is valid for IDT values between 3.1 – 6.5 milliseconds while Equation 6-3 is 

utilized for other IDT values. The DCN calculated using this method is functionally 

equivalent to the CN measured by ASTM D613 using a CFR engine [193].  Therefore, for 

simplicity, we collectively refer to DCN and CN as D/CN in the remainder of the section. 

Another similar method for measuring the ignition quality is the ASTM D7170 [8] that uses 

a fuel ignition tester (FIT) to determining the DCN. These 3 methods collectively represent 

the industry standards for measuring the ignition quality of diesel fuels. 
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The ASTM standards employed for measuring ignition quality are expensive, time 

consuming and require specialized operators to handle the instrumentation. This has led 

to the development of mathematical equations that can predict the D/CN of fuels, 

thereby reducing the costs and time associated with the standard tests. Many 

correlations have been reported that predict the CN of pure hydrocarbons [14,133,194], 

surrogate mixtures of diesel [182,195], oxygenated hydrocarbons [160], biodiesel [196–

198], synthetic diesel [64] and diesel fuels [48,98,99,199–202]. The correlations have 

been derived using various physical properties, such as density [199,203,204], distillation 

characteristics [199], aniline point [204], mid-boiling point [203] and viscosity [199,203]. 

Correlations have also been developed based on fuel chemical composition, as 

determined by liquid chromatography (LC) and/or gas chromatography (GC) with mass 

spectrometry (MS) [98], high performance liquid chromatography (HPLC) [205], 

supercritical fluid chromatography [99], vibrational spectroscopy [102], near infra-red 

spectroscopy (NIR) [206]  and nuclear magnetic resonance (NMR) spectroscopy 

[48,197,202,205].  

The IDT of a fuel depends on the type of engine and the engine operating conditions. 

Since D/CN measurements are made on standard equipment under standard conditions, 

the measured D/CN is a direct result of the physical and chemical properties of the fuel. 

The physical effects encountered during D/CN measurement, such as fuel spray 

formation, vaporization etc., affect fuel/air mixture formation in the gas phase.  These 

physical properties can be related to fuel molecular weight and molecular structure. Alkyl 



134 
 

substitution (i.e., branching) affects the physical properties, such as boiling point, 

volatility etc., and liquid to vapor transitions can be explained by the molecular size (i.e., 

molecular weight) and hydrogen bonding.  The ignitability of the gaseous fuel/air mixture 

is governed by the chemical kinetic reactivity of the fuel, which depends on its molecular 

structure. The eight structural parameters used in the present study possess the required 

molecular information to explain both the physical properties affecting on mixture 

formation and chemical properties affecting gas-phase kinetic reactivity. Therefore, 

qualitatively and quantitatively characterizing the chemical functionalities present in the 

fuel, and relating their effect on D/CN by means of a mathematical equation can predict 

the D/CN of a fuel.  

An improved model for the prediction of ignition quality of hydrocarbon fuels has been 

developed using 1H Nuclear Magnetic Resonance (NMR) spectroscopy and Multiple Linear 

Regression (MLR) modeling.  Cetane number (CN) and derived cetane number (DCN) of 

seventy-one pure hydrocarbons and fifty-four hydrocarbon blends were utilized as a 

dataset to study the relationship between ignition quality and molecular structure. 

6.2 Multiple linear regression (MLR) modeling 

Theoretical techniques like MLR [174,196,205,207] have been largely used to process the 

data derived from the analytical techniques for prediction because it is comparatively 

easier to develop MLR models and simpler to use. MLR based modeling may not be the 

ideal technique to develop models to predict a variable which has a complex or non-linear 

relationship between the variables. For example, addition of ethanol to gasoline results 
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in a non-linear increase in the fuel’s octane number which techniques like MLR cannot 

capture  [150]. Here a model is developed to predict the CN of hydrocarbon fuels (without 

oxygenates) and so MLR modeling was employed. Most of the models published in the 

literature on CN prediction have used MLR for model development [196]. MLR is a 

statistical technique used to develop an empirical relationship between a dependent 

variable (y) and a number of independent variables (xi). MLR develops a mathematical 

relation between the variables in the form of a straight line that best fits all the individual 

points as shown in Equation 6-4. 

𝑦 = 𝑏𝑜 + 𝑏1𝑥1 + 𝑏2𝑥2 + ⋯ + 𝑏𝑛𝑥𝑛     (6-4) 

Where 𝑏𝑜 is called as the y-intercept and 𝑥𝑛 are the slopes or coefficients. For the present 

scenario, Equation 6-4 can be re-written as below. 

𝐷𝐶𝑁 = 𝑏𝑜 + 𝑏1 ∗ 𝑝𝑎𝑟𝑎𝑓𝑓𝑖𝑛𝑖𝑐 𝐶𝐻3(𝑤𝑡 %) + 𝑏2 ∗ 𝑝𝑎𝑟𝑎𝑓𝑓𝑖𝑛𝑖𝑐 𝐶𝐻2(𝑤𝑡 %) + 𝑏3 ∗

𝑝𝑎𝑟𝑟𝑎𝑓𝑖𝑛𝑖𝑐 𝐶𝐻(𝑤𝑡 %) + 𝑏4 ∗ 𝑜𝑙𝑒𝑓𝑖𝑛𝑖𝑐 𝐶𝐻 − 𝐶𝐻2(𝑤𝑡 %) + 𝑏5 ∗ 𝑛𝑎𝑝ℎ𝑡ℎ𝑒𝑛𝑖𝑐 𝐶𝐻 −

𝐶𝐻2(𝑤𝑡 %) + 𝑏6 ∗ 𝑎𝑟𝑜𝑚𝑎𝑡𝑖𝑐 𝐶 − 𝐶𝐻(𝑤𝑡 %) +  𝑏7 ∗ 𝑀𝑜𝑙𝑒𝑐𝑢𝑙𝑎𝑟 𝑤𝑒𝑖𝑔ℎ𝑡 + 𝑏8 ∗ 𝐵𝐼 

     (6-5) 

6.3 Dataset 

A dataset of 71 pure compounds of 4 different chemical classes namely n-paraffins and 

iso-paraffins, olefins, napthenes and aromatics was selected for this study, as shown in 

Table 6-1.  The DCN of several of these compounds was experimentally measured using 

ASTM D6890 and D/CN of the remaining was collected from the literature. Only D/CN 
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measured using standard methods were added to the dataset to ensure the accuracy of 

the derived model. The DCN of 54 blended mixtures of n-heptane, iso-octane, 1-hexene, 

cyclohexane, toluene and tetralin (shown in Table 6-2) with known compositions were 

also experimentally measured using the ASTM D6890 method and added to the dataset. 

This dataset was then used to study the effect of different structural parameters on D/CN. 

Eight parameters were identified, i.e., weight % of paraffinic CH3 groups, weight % of 

paraffinic CH2 groups, weight % of paraffinic CH groups, weight % of olefinic CH-CH2 

groups, weight % of naphthenic CH-CH2 groups, weight % of aromatic C-CH groups, 

molecular weight and, branching index (BI). 
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Table 6-1: Cetane number of pure compounds 

S. No. Name (D/CN) Reference 

 PARAFFINS   

1 n-butane 20.6 measured 

2 n-pentane 39.4 [193] 

3 n-hexane 50 [193] 

4 n-heptane 53.8 measured 

5 n-octane 58.2 [193] 

6 n-nonane 60.9 [193] 

7 n-decane 65.5 [193] 

8 n-dodecane 72.9 [193] 

9 n-tetradecane 85.1 [193] 

10 n-hexadecane 100 [193] 

 ISO-PARAFFINS   

11 2-methylbutane 25.8 measured 

12 2-methylpentane 34.5 [193] 

13 3-methylpentane 30.7 measured 

14 2,2-dimethylbutane 24.4 [193] 

15 2-methylhexane 43.5 [193] 

16 3-methylhexane 42.0 measured 

17 3-ethylpentane 34.1 [193] 

18 2,4-dimethylpentane 28.2 measured 

19 2,3-dimethylpentane 21.7 measured 

20 2,2,3-trimethylbutane 12.9 [193] 

21 2-methylheptane 52.6 [193] 

22 3-methylheptane 45 [160] 

23 2,2,4-trimethylpentane 17.4 measured 

24 2,6-dimethyloctane 51.7 [193] 

25 2,6,10-trimethyldodecane 58 [193] 

26 2,6,10-trimethyltridecane 60.8 [193] 

27 2,2,4,4,6,8,8-heptamethylnonane 15.1 [193] 

28 2-methylheptadecane 91 [193] 

29 2-methyloctadecane 104.4 [193] 

 OLEFINS   

30 2-methyl-1,3-butadiene 13 [160] 

31 1-hexene 28.9 measured 

32 1-heptene 32 [193] 

33 2,5-dimethyl-2,4-hexadiene 19.9 [193] 

34 1-octene 40 [193] 

35 3-octene 36 [160] 

36 2,4,4-trimethyl-1-pentene 8.8 measured 

37 1-nonene 51 [160] 

38 1-decene 49.1 [160] 
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39 1,9-decadiene 41 [193] 

40 1-dodecene 56.8 [193] 

41 1-hexadecene 75.9 [193] 

 NAPHTHENES   

42 Cyclopentane 6.1 [193] 

43 Methylcyclopentane 17.2 [193] 

44 Cyclohexane 19.9 measured 

45 Cyclohexene 18.1 [160] 

46 Methylcyclohexane 23.5 [193] 

47 1,2-dimethylcyclohexane 24 measured 

48 1,3-dimethylcyclohexane 30.5 measured 

49 Ethylcyclohexane 35.8 [193] 

50 Cyclooctane 22.3 [193] 

51 1,2,4-trimethylcyclohexane 24.4 [160] 

52 1,3,5-trimethylcyclohexane 30.5 [193] 

53 n-buytlcyclohexane 47.6 [193] 

54 Decahydronaphthalene 33 [160] 

55 Perhydro-phenanthrene 38.8 [193] 

56 1,3,5-triisopropylcyclohexane 25.3 [193] 

 AROMATICS   

57 Toluene 6 measured 

58 Ethylbenzene 6.29 measured 

59 1,2-dimethylbenzene 8.3 measured 

60 1,3-dimethylbenzene 7 measured 

61 1,4-dimethyl benzene 6.19 measured 

62 1,2,3-trimethylbenzene 10.14 measured 

63 1,2,4-trimethylbenzene 8.9 measured 

64 1,3,5-trimethylbenzene 8 measured 

65 n-butylbenzene 12 [193] 

66 Indan 8.6 measured 

67 Tetralin 9.4 measured 

68 1-methylnaphthalene 0 [193] 

69 1,3,5-triethylbenzene 7.6 measured 

70 1,3,5-triisopropylbenzene 2.8 [193] 

71 1,2-diphenylethane 1 [193] 
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Table 6-2: Derived cetane number of blends 

S.
no 

Name Components (vol %) DCN 

n-heptane  

 

iso-octane 

 

1-hexene 

 

cyclohexane   

 

toluene  

 

tetralin 

 

1 hep-ioct 50 50 50     40.1 

2 hep-ioct 40 40 60     36.1 

3 hep-ioct 30 30 70     31.6 

4 hep-ioct 20 20 80     27.7 

5 hep-ioct 10 10 90     23.3 

6 hexe-ioct 
10 

 90 10    21.02 

7 hexe-ioct 
20 

 80 20    21.17 

8 hexe-ioct 
30 

 70 30    22.90 

9 hexe-ioct 
40 

 60 40    24.02 

10 hexe-ioct 
50 

 50 50    24.51 

11 hexe-ioct 
60 

 40 60    25.34 

12 hexe-ioct 
70 

 30 70    26.50 

13 hexe-ioct 
80 

 20 80    27.20 

14 hexe-ioct 
90 

 10 90    28.20 

15 cychex-ioct 
10 

 90  10   18.12 

16 cychex-ioct 
20 

 80  20   18.20 

17 cychex-ioct 
30 

 70  30   18.28 

18 cychex-ioct 
40 

 60  40   18.34 

19 cychex-ioct 
50 

 50  50   18.43 

20 cychex-ioct 
60 

 40  60   18.69 

21 cychex-ioct 
70 

 30  70   19.04 

21 cychex-ioct 
80 

 20  80   19.45 

23 cychex-ioct 
90 

 10  90   19.68 

24 hep-tol 60 60    40  36.7 

25 hep-tol 55 55    45  34.1 
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26 hep-tol 50 50    50  31.0 

27 hep-tol 45 45    55  28.3 

28 hep-tol 40 40    60  25.8 

29 hep-tol 35 35    65  22.9 

30 hep-tol 30 30    70  19.8 

31 tet-ioct 10  90    10 15.51 

32 tet-ioct 20  80    20 13.17 

33 tet-ioct 30  70    30 11.74 

34 tet-ioct 40  60    40 10.63 

35 tet-ioct 50  50    50 9.66 

36 tet-ioct 60  40    60 9.22 

37 tet-ioct 70  30    70 9.20 

38 tet-ioct 80  20    80 9.00 

39 tet-ioct 90  10    90 8.92 

40 tol-hep-ioct 
10-36 

36 54   10  32.2 

41 tol-hep-ioct 
20-32 

32 48   20  29.1 

42 tol-hep-ioct 
30-28 

28 42   30  26.2 

43 tol-hep-ioct 
40-24 

24 36   40  22.7 

44 tol-hep-ioct 
10-27 

27 63   10  28.9 

45 tol-hep-ioct 
20-24 

24 56   20  26.3 

46 tol-hep-ioct 
30-21 

21 49   30  23.7 

47 tol-hep-ioct 
40-18 

18 42   40  19.9 

48 tol-hep-ioct 
10-18 

18 72   10  25.4 

49 tol-hep-ioct 
20-16 

16 64   20  22.8 

50 tol-hep-ioct 
30-14 

14 56   30  19.8 

51 tol-hep-ioct 
40-12 

12 48   40  16.5 

52 tol-hep-ioct 
10-9 

9 81   10  21.1 

53 tol-hep-ioct 
20-8 

8 72   20  18.3 

54 tol-hep-ioct 
30-7 

7 63   30  15.6 

Expansion of the notations. hep: n-heptane; ioct: isooctane; hexe: 1-hexene; cychex: cyclohexane; tol: 
toluene and tet: toluene; 
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6.4 Effect of functional groups on D/CN 

The ignition quality of a fuel (and therefore the D/CN) depends on its chemical 

composition. Ignition quality is governed the ability of a fuel/air mixture to undergo a 

series of auto-oxidation reactions that lead to thermal runaway [208,209] (i.e., ignition).  

n-Paraffins rapidly undergo a series of low-temperature auto-oxidation reactions that 

results in radical chain branching; and therefore n-paraffins display shorter ignition delay 

compared to aromatics [209]. In the IQT experiments, toluene, a seven carbon aromatic 

molecule has an ignition delay of 213.17 milliseconds, while n-heptane (also has seven 

carbon atoms) has an ignition delay of 3.78 milliseconds. This is because aromatic rings 

result in resonantly stabilized radical intermediates that do not easily participate in auto-

oxidation reactions. The effect of each of the eight structural parameters on the D/CN 

was studied from the developed dataset and is presented below. 

6.4.1 Paraffinic CH3 groups 

The ignition quality of paraffinic fuels depends on the presence and the degree of the 

methyl substitution [18]. Experiments conducted in a constant volume combustion 

chamber with blends of different C16 iso-paraffins show increased ignition delays with 

increasing number of methyl branches [18]. Figure 6-1 shows the variation of D/CN with 

varying paraffinic CH3 content (weight % and mol %) for n-paraffins, iso-paraffins, olefins, 

and the blends defined in the dataset. It can be seen that there is almost a linear decrease 

in the D/CN as the paraffinic CH3 content in the pure compounds increases. A similar trend 

is seen in the blends, specifically those comprising "n-heptane-isoctane", "1-hexene-
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isooctane" and "cyclohexane-isoctane", i.e., when the iso-octane percentage increases in 

the blend, the DCN decreases due to the increase in the paraffinic CH3 content. In the 

blends of "n-heptane-toluene", "tetralin-isooctane" and "toluene-n-heptane-isooctane", 

however, a gradual increase of paraffinic CH3 results in the increase of the D/CN. This 

opposing trend is due to the increase of the aromatic and the naphthenic content in the 

blends, and this shows that the aromatic and naphthenic rings have a more severe effect 

on the reactivity of the fuel when compared to paraffinic CH3 groups.  

 

Figure 6-1: Effect of paraffinic CH3 groups on the D/CN of a) n-paraffins b) iso-paraffins c) 

olefins d) blends 
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6.4.2 Paraffinic CH2 groups 

It has been shown that the mass fractions of paraffinic CH3 and  paraffinic CH2 groups are 

important constraints that affect the combustion characteristics of paraffinic fuels [16]. It 

has been experimentally shown that blends of C16 iso-paraffin isomers with identical 

CH2/CH3 mass ratio have the same ignition delay times indicating CH2/CH3 mass ratio to 

be a governing parameter for auto-ignition of paraffins [18]. A correlation [17] has also 

been developed relating CH2/CH3 mass ratio to the ignition delay for n-paraffins in the 

boiling range of diesel fuels. Figure 6-2 shows the effect of paraffinic CH2 content on D/CN 

of pure compounds and the blends. It can be seen that when the paraffinic CH2 

percentage increases there is almost a linear increase in the D/CN for the pure 

compounds and also for the blends in the dataset.  However, in the case of "cyclohexane-

isooctane" blends, when the paraffinic CH2 content increases the D/CN decreases slightly. 

This is because cyclohexane and iso-octane have close DCN, 19.9 and 17.4, respectively, 

and the 5 paraffinic CH3 groups in iso-octane and the naphthenic ring are dominant in 

controlling reactivity.   
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Figure 6-2: Effect of paraffinic CH2 content on the D/CN of a) n-paraffins b) iso-paraffins 

c) olefins d) blends 

6.4.3 Paraffinic CH groups 

Figure 6-3 shows the effect of paraffinic CH content on the DCN of the blends. For blends 

comprising "n-heptane-isoctane", "1-hexene-isoctane" and "cyclohexane-isoctane", an 

increase in paraffinic CH content reduces the DCN. In the case of blends with "tetralin-

isooctane" and "toluene-n-heptane-isoctane", we see that the DCN of the blends 

increases as the paraffinic CH content increases.  This again can be attributed to the net 
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increase in the aromatic and naphthenic content of the blend showing that aromatic 

groups have a more pronounced effect on the ignition delay compared to all the paraffinic 

groups.  

 

Figure 6-3: Effect of paraffinic CH content on the DCN of the blends 

6.4.4 Olefinic CH-CH2 groups 

Olefins generally have higher CN compared to iso-paraffins with the same number of 

carbons and have lower CN than their corresponding n-paraffins. The olefin functionality 

is comparatively less reactive than the saturated paraffins and therefore tends to lower 

the CN of paraffinic fuels. This can be inferred from Figure 6-4, which shows the effect of 

olefinic CH-CH2 content on D/CN of olefins and the "1-hexene-isooctane" blends. When 

the olefinic CH-CH2 content in the molecule increases its CN decreases steadily. The "1-
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hexene-isooctane" blends, exhibit an interesting result where an increase in the 

percentage of olefinic CH-CH2 groups increases the DCN. This is because, for the entire 

blend range of "1-hexene-isooctane" employed in the study, the paraffinic CH2 content is 

always more than olefinic CH-CH2 content, and this results in the net increase of the DCN. 

From the result, we can infer that the paraffinic CH2 groups have a greater effect on D/CN 

than the olefinic CH-CH2 groups. This can also be understood from the fact that n-

pentane, a 5 carbon n-paraffin containing 58.3 weight % of paraffinic CH2, has a higher 

DCN of 39.4 than 1-hexene, a 6 carbon olefin containing 50 weight % of paraffinic CH2, 

with a lower DCN of 29. 

 

Figure 6-4: Effect of olefinic CH-CH2 content on the D/CN of a) olefins and c) blends 

6.4.5 Naphthenic CH-CH2 groups 

Naphthenes have lower D/CNs than n-paraffins, iso-paraffins and olefins containing the 

same number of carbon atoms. The presence of multiple fused naphthenic rings does not 
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tend to reduce the D/CN of a molecule. Perhydrophenanthrene a 3 membered 

naphthenic ring has a higher DCN of 38.8 compared to decahydronaphthalene which is a 

2 membered ring that has a DCN of 33. Cyclohexane has a lower DCN of 19.9 compared 

to the above two. Figure 6-5 shows the effect of naphthenic CH-CH2 groups on the DCN 

of the blends. In the blends with "tetralin-isooctane", it can be seen that increase in the 

% of naphthenic CH-CH2 groups decreases the DCN. The blends with "cyclohexane-

isooctane" show the opposite trend where there is a slight increase in DCN with increase 

in % of naphthenic CH-CH2 groups. This is because the paraffinic CH3 content in the blends 

decreases as the naphthenic CH-CH2 groups increase.  Also iso-octane and cyclohexane 

have close DCN values of 17.4 and 19.9 respectively.  

 

Figure 6-5: Effect of naphthenic CH-CH2 content on the DCN of the blends 
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6.4.6 Aromatic C-CH groups 

Aromatic rings tend to reduce the D/CN more than the other functional groups discussed 

previously. Aromatics have lower D/CN compared to the naphthenic compounds with the 

same number of carbon atoms. For example, methylcyclohexane has a DCN of 23.5 while 

toluene has a DCN of 6. The presence of multiple rings reduces the D/CN further, as is 

evident from the CN of methylnaphthalene, which is 0 and 1,2-diphenylethane has a CN 

of 1. The addition of n-paraffinic chains tends to increase the D/CN, but if there are 

multiple branched chains connected to the ring, then there is little or no improvement to 

the D/CN. This can be seen in n-butylbenzene, which has a DCN of 12 while 1,3,5-

triisopropylbenzene has a DCN of 2.8. Figure 6-6 shows the effect of aromatic C-CH 

content on the DCN of the blends. It can be seen that in all the blends, the DCN decreases 

with increase in aromatic C-CH groups. 

 

Figure 6-6: Effect of aromatic C-CH content on the DCN of the blends 
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6.4.7 Molecular Weight 

The D/CN of a molecule generally increases with increase in the size of the molecule. This 

is particularly true in the case of n-paraffins as can be seen from Figure 6-7. In the case of 

iso-paraffins the trend is that the D/CN increases with increasing molecular size provided 

that the molecules are not highly branched for which the D/CN decreases. Unbranched 

olefins closely follow the n-paraffin trend, but have lower D/CN than n-paraffins of similar 

molecular weight. Naphthenes also follow a similar trend of increasing D/CN with 

increasing molecular weight. For aromatics, when the molecular size increases due to the 

addition of straight paraffinic chains we see a trend where the D/CN increases slightly 

with increase in the chain length. The DCN of the blends with "n-heptane-toluene" and 

"toluene-n-heptane-isooctane" increased with increase in the average molecular weight 

of the blend. We see an opposing trend in "n-heptane-isooctane", "1-hexene-isooctane" 

and "cyclohexane-isooctane" blends because these contain iso-octane, which, despite 

having a higher molecular weight compared to n-heptane, 1-hexene and cyclohexane, has 

a lower DCN because of its high degree of branching. In the blends containing "tetralin-

isooctane", there is a sharp fall in the DCN with increase in the molecular weight due to 

the rising content of tetralin in the blend which lowers the DCN of the blend. 
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Figure 6-7: Effect of molecular weight on the D/CN of a) n-paraffins b) iso-paraffins c) 

olefins d) naphthenes e) aromatics and f) blends 

 

 



151 
 

6.4.8 Branching Index  

The effect of the BI on the D/CN is shown in Figure 6-8. It can be seen in C-6 and C-7 iso-

paraffins that when the BI of the molecule increases there is a decrease in the D/CN. The 

numerical values chosen to define the PI and the RC were selected after a careful study 

of the molecular structure and D/CN. The chosen values result in a logical BI value and 

help to numerically infer the degree of branching in molecules.   It can also be seen that 

there is a large range of D/CN for iso-paraffin molecules with the same BI. This is because 

when two or more iso-paraffins have the same BI, then the larger molecule always has a 

higher D/CN compared to the smaller ones. The figure also shows the variation of the BI 

with the weight % of the CH3 groups in the iso-paraffin molecules, and it can be seen that 

when the CH3 content increases the BI also increases. The trend of decreasing DCN with 

increasing BI can also be seen in all the blends employed in the study.  
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Figure 6-8: Effect of branching on the D/CN of a) C6 iso-paraffins b) C7 iso-paraffins c) iso-

paraffins d) CH3 (wt %) (e) blends 
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6.5 MLR model 

MLR analysis was then used to study the mathematical relationship between D/CN 

(dependent variable) and the eight structural parameters (independent variables), and an 

equation was developed to predict the D/CN of a given hydrocarbon fuel.   The present 

method is advantageous because it is easy to implement and can be applied to any 

hydrocarbon fuel (gasoline, diesel, naphtha etc.) consisting of the above mentioned 4 

chemical classes.  We show that these structural parameters can be calculated using the 

1H NMR spectra of the fuel, which can be easily measured in a few minutes. The 

developed model is shown in Equation 6-6. 

𝐷𝐶𝑁 = −21.71 + 0.2730 ∗ 𝑝𝑎𝑟𝑎𝑓𝑓𝑖𝑛𝑖𝑐 𝐶𝐻3 (𝑤𝑡 %) + 0.5645 ∗

𝑝𝑎𝑟𝑎𝑓𝑓𝑖𝑛𝑖𝑐 𝐶𝐻2(𝑤𝑡 %) + 0.2393 ∗ 𝑝𝑎𝑟𝑎𝑓𝑓𝑖𝑛𝑖𝑐 𝐶𝐻(𝑤𝑡 %) − 0.0031 ∗ 𝑜𝑙𝑒𝑓𝑖𝑛𝑖𝑐 𝐶𝐻 −

𝐶𝐻2(𝑤𝑡 %) + 0.3238 ∗ 𝑛𝑎𝑝ℎ𝑡ℎ𝑒𝑛𝑖𝑐 𝐶𝐻 − 𝐶𝐻2(𝑤𝑡 %) + 0.2481 ∗ 𝑎𝑟𝑜𝑚𝑎𝑡𝑖𝑐 𝐶 −

𝐶𝐻(𝑤𝑡 %) +  0.2484 ∗ 𝑀𝑜𝑙𝑒𝑐𝑢𝑙𝑎𝑟 𝑤𝑒𝑖𝑔ℎ𝑡 − 20.27 ∗ 𝐵𝐼    (6-6) 

The regression coefficient (R2) of the developed model was found to be 0.97, which is 

greater than the values reported for other models developed using MLR, for which values 

usually range between 0.48 – 0.95 [196]. This high R2 can be attributed to the inclusion of 

the BI term in the model. The coefficient of the BI (-20.27) demonstrates the high negative 

dependence of DCN on the BI, and thus increases the accuracy of prediction. Another 

important statistical value is the standard error of prediction, which is on average, 3.6  

DCN lower than most models [174,196,205] reported in the literature. To validate the 

developed model, DCN of 22 real fuel mixtures comprising gasoline, diesel, and 
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gasoline/diesel mixture and 59 blends of known composition were experimentally 

measured using IQT.  An excellent match between the experimental and the predicted 

DCN values is shown in Figure 6-9. The average molecular weight of the gasoline fuels 

were evaluated from the DHA of the respective fuels. If the molecular weight of the fuel 

is unknown then a suitable assumption has to be made or measured using analytical 

techniques. 

 

Figure 6-9: Comparison between measured and predicted DCN of a) real fuel mixtures b) 

multicomponent blends and c) training dataset 



155 
 

The model developed in the present study has 3 improvements over the other models 

developed for D/CN prediction, besides being easy to implement. First, only accurate 

D/CN of the pure compounds were included in the dataset. Many models [133,194,210] 

on D/CN prediction reported in the literature have utilized the D/CN values of pure 

compounds reported in the compendium of experimental cetane numbers released by 

the National Renewable Energy Laboratory in 2004 [211] to build their model. Only some 

of the D/CN reported in the compendium was measured using the standard methods and 

values for many compounds were measured using unknown methods.  There is often poor 

agreement of cetane values for the same compounds measured using the unknown 

methods, and hence using such values to build the model will reduce the accuracy of 

prediction. For example, the model [194] by Smolenskii et al. gives unexpected CN values 

of -146.1 and -97 for 3-methyl-3-ethylhexane and 3-ethyl-3-methylheptane respectively. 

Another model [133] by Lapidus et al. gives CN values like -397 and -213.3 for 2,3,4-

trimethyl-3-ethylpentane and 3-methyl-3-ethylpentane respectively.  In the present 

work, only cetane number values (CN and DCN) measured by ASTM D613, ASTM D6890 

and ASTM D7170 were included in the dataset, as these methods are well documented 

and used consistently in the literature. Another improvement is the use of the D/CN of 

blends comprising different chemical classes. The models reported in the literature use 

pure component D/CN and use this data to predict the D/CN of complex hydrocarbon 

mixtures. It is possible that molecules may have synergistic/antagonistic behavior in a 

mixture, and therefore the addition of D/CN of mixtures adds to the accuracy of the model 

developed herein. Another novelty of the work is the inclusion of the BI. It is well 
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established in the literature that a branched molecule has a longer IDT and lower D/CN 

than a straight chain molecule of the same carbon number [16,53,54,57,166,212]. In 

addition, the location/position of the alkyl substitutions has an effect on ignition quality.  

However, there is no previous correlation that accurately quantifies the effects of both 

methyl branch number and location on D/CN.  

6.6 Conclusion 

An improved model for the prediction of ignition quality of hydrocarbon fuels was 

developed using a calibration set of cetane numbers of pure hydrocarbons and 

hydrocarbon blends of known composition and multiple linear regression modeling. Eight 

structural parameters namely weight % of paraffinic CH3 groups, paraffinic CH2 groups, 

paraffinic CH groups, olefinic CH-CH2 groups, naphthenic CH-CH2 groups, aromatic C-CH 

groups, molecular weight and branching index (BI) were identified, and their effect on 

DCN was studied by creating a D/CN dataset of seventy one pure hydrocarbons and fifty 

four blends of known composition. The DCN were experimentally measured using the IQT 

apparatus and some D/CN values were collected from the literature. The negative effect 

of branching in molecules was studied and a new parameter termed branching index (BI) 

was introduced to quantify this effect. A new formula was also developed to calculate the 

BI for hydrocarbon fuels using 1H NMR spectra. An empirical relationship between the 

DCN and the eight structural parameters was developed with a high correlation 

coefficient (R2 = 0.97). The predicted DCN values of twenty two real fuel mixtures and fifty 

nine multicomponent blends matched well with experimental data. The developed model 
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for DCN prediction (which is an indicator of ignition quality) is an improved model that 

can predict the DCN of hydrocarbon fuel mixtures with a better accuracy. 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 7: Heavy fuel oil properties 

7.1 Introduction 

Heavy fuel oil (HFO) has been largely used as fuel in the marine industry since the 1960’s. 

Although they are viscous and dirty, HFOs have found use in the marine industry and also 

in power generation sectors primarily because they are inexpensive. Approximately 240 

Mt of HFO is used by the shipping industry every year [9,213]. High sulfur content (nearly 

4.5 % by weight) in HFO translates into sulfur dioxide emissions that are primarily due to 

the sulfur content in the fuel [104,214,215]. HFO combustion also results in release of 

particulate matter like smoke, cenospheres and ash [216]. Due to their harmful effects on 

the environment and on human health, the international Maritime Organization (IMO) 

has mandated, starting from 2015, that marine fuels should contain less than 0.1% of 

sulfur on ships sailing in the North Sea, English Channel and the Baltics [217]. This has 

resulted in a worldwide demand of 40 Mt/y of low sulfur fuels. By 2020, there are plans 

to extend this regulation to the rest of the world. In 2011, the IMO placed a complete ban 

on the use of HFO on ships sailing in the Antarctic waters to preserve the ecosystem from 

harm.  This means that if HFOs are to be used in the future, then they need to become 

“cleaner”, or it could mean the end of their use in the marine industry. Therefore, 

significant research is required on HFO combustion to reduce its environmental impact. 

With this ultimate goal in mind, and as a first step, we find ourselves in need of 

characterizing HFOs to understand their molecular structure. The information can 

subsequently be used to correlate combustion characteristics and emissions with fuel 

molecular structure, such that better combustors could be designed. 
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Structural characterization of hydrocarbon fractions obtained during the distillation of 

crude oils is an important aspect of the refinement process. The combustion chemistry of 

fuels is dependent on their structural composition and therefore their chemical 

characterization is an important step in understanding the combustion phenomena and 

also necessary for predictive studies [119,218]. HFOs are residues of petroleum refineries 

that have high molecular weights, high sulfur and asphaltene content and are highly 

viscous. Lighter distillates are sometimes added to reduce the overall viscosity to enable 

their use as fuel. HFOs are a mixture of thousands of hydrocarbon molecules with the 

presence of hetero-atoms like sulfur, nitrogen, oxygen etc. Identifying all of the individual 

molecules is neither feasible nor is it useful. Conventional techniques such as gas 

chromatography coupled with mass spectrometry (GC-MS), a widely used 

characterization technique, cannot provide enough information to characterize the 

structure of complex hydrocarbon mixtures like HFO [219]. The application of these 

methods to characterize HFOs are limited because the molecules present in HFOs have a 

wide distribution of chemical classes and prohibitively high molecular weights. Therefore 

efforts need to be made to characterize such fuels by other methods.  

The purpose of this study is the structural characterization of a complex fuel, namely HFO 

using the functional group approach and using the obtained information to predict 

different properties of the fuel, as such information is important for studying the 

combustion and pyrolysis of HFOs. In a recent review [46], the state of the art techniques 

to characterize heavy crude fractions like high performance liquid chromatography 
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(HPLC), thin layer chromatography, Raman spectroscopy, Infrared spectroscopy (IR) and 

mass spectrometry were reviewed, and NMR spectroscopy was identified as the 

technique of choice.  NMR data by itself, or in combination with other experimental data, 

can be processed to derive useful information that can help us characterize the structure 

of complex mixtures. Three basic methods have been developed for this purpose, namely 

the method of average molecular parameters (AMPs), functional group analysis and 

surrogate molecule representation [220]. In the present work, 1H NMR and 13C NMR 

experiments were performed and the above methods were extended to study the 

detailed structural characterization of 2 samples of Saudi Arabian HFOs. The samples 

were collected from two different electrical power plants. These will be henceforth 

referred to as HFO A and HFO B.  The three methods stated above are used to study the 

structural distribution and help formulate surrogate molecules that can represent the 

structure of HFO.  

7.2 Experimental methods 

Deuterated chloroform CDCl3 was used as a solvent to dissolve 50 µl of HFO in 1 ml of the 

solvent. From the mixture 0.6 ml was transferred into 5 mm NMR tubes. A 700 MHz 

Bruker AVANCE III spectrometer was used to obtain the spectra at 298 K. The 

spectrometer was equipped with a Bruker CP TCI multinuclear CryoProbe (from 

Brukerbiospin, Rheinstetten, Germany). To record the 1H NMR spectra, 128 scans were 

collected with a recycle delay time of 5 seconds. A standard 1D 90° pulse sequence was 

used with standard zg program from the bruker pulse library.  Tetramethylsilane (TMS) 
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was used as the internal chemical shift reference. A spectral width of 14098 Hz was 

digitized into 64 K data points to collect the free induction decay (FID). To record the 13C 

NMR spectra a 1D sequence was used with power gate decoupling along with a 30° flip 

angle . The standard 1D 90o pulse sequence zgig30 program from the Bruker pulse library 

was used. A spectral width of 41666.67 Hz was digitized into 64 K complex data points. 

Every single spectrum was recorded with a 7 second recycle delay by collecting 12 k 

transients. Fourier transformation was applied after applying a line broadening of 1Hz. 

The Bruker Topspin 2.1 software was used to process the experimental data. The 1H NMR 

and 13C NMR spectra of HFO A and HFO B are shown in Figure 7-1. The spectra used for 

the analysis were phase and baseline corrected. Each spectra was processed 5 times and 

the average values were used in the calculation. 



162 
 

  

Figure 7-1: (a) 1H NMR spectra of HFO A and HFO B and (b) 13C NMR spectra of HFO A and HFO B  

7.3. Average molecular parameters (AMPs) 

The approach to characterize complex petroleum fractions by the method of AMPs was 

first developed by Williams [221] and Brown and Ladner [222] to quantitatively 

characterize the structure of petroleum fuel fractions. Using this method, the relative 

amount of various structural fragments such as number of aromatic carbons, olefinic 

carbons, aromatic hydrogens, naphthenic hydrogens etc. in the fuel can be determined. 
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This method does not reveal the exact structure of the different molecules in the sample 

or how structural fragments are distributed within the different molecules. However, in 

such complex samples, there are an enormous number of similar molecules that vary only 

slightly, so it is more rational to characterize the individual fragments rather than entire 

molecules. This method makes use of elemental analysis and average molecular weight 

of the sample along with the data from NMR. The AMPs of a fuel can also be used for 

property estimation studies of the mixture. For example, the AMPs can be used in 

correlations as variables for equation of state parameters [223]. 

 7.3.1 Definition of AMP 

In general an AMP can be described as per the following equation, 

𝑋𝑖 =
𝐼𝑖

𝐼𝑡𝑜𝑡𝑎𝑙
. %𝑋          (7-1) 

where, 𝑋 refers to either C or H atom, 𝐼 refers to 1H NMR or 13C NMR integral and the 

index 𝑖 refers to a particular chemical shift region in the NMR spectra. %𝑋 stands for the 

weight percent of 𝑋 from the elemental analysis.  

7.3.2 Average molecular formula 

The average molecular formula of HFO can be calculated in the form of CcHhOoNnSs, where 

the subscripts c, h, o, n and s represent the average number of atoms of carbon, hydrogen, 

oxygen, nitrogen and sulfur respectively in a hypothetical surrogate molecule.  For 
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example c, the average number of carbon atoms can be calculated from the following 

equation, 

𝑐 = 𝑀𝑊𝑎𝑣𝑔. %𝐶.
1

100
.

1

𝑎𝐶
        (7-2) 

where, MWavg is the average molecular weight of HFO, which was measured as 750 g/mol 

from FT-ICR mass spectrometry experiments [44]. %C is the weight percent of carbon 

measured from the elemental analysis and aC is the atomic mass of carbon in g/mol. 

Equation 7-2 can be applied similarly for other atoms. The elemental analysis of HFO A 

and HFO B are reported in Table 7-1. The average molecular formula of HFO A and HFO B 

were calculated as C53.12H81.68O0.01N0.21S0.77 and C52.72H79.88O1.08N0.17S0.54, respectively. This 

method of characterizing fuels by AMPs has been carried out for lignin pyrolysis oils [37], 

vacuum residues [41], tar from wood pyrolysis [224], oil sands [38] and crude oil [45]. 

Table 7-2 and Table 7-3 lists the AMPs that were calculated from 1H NMR and 13C NMR 

respectively. The chemical shift assignments and the nomenclature used for denoting the 

symbols were taken from Poveda and Molina [45]. 

Table 7-1: Elemental analysis 

Element HFO A 
(mass %) 

HFO B 
(mass %) 

Method 

Carbon 85.0 84.35 EPA 440 

Hydrogen 10.89 10.65 EPA 440 

Oxygen 0.03 2.29 EPA 440 

Nitrogen 0.24 0.31 EPA 440 

Sulfur 3.29 2.39 ASTM D4294-10 
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Table 7-2: AMPs derived from 1H NMR 

Symbol Description Chemical 
shift 
(ppm) 

Number 
of atoms 
in 
surrogat
e 
molecule 
of HFO A 

Number of 
atoms in 
surrogate 
molecule of 
HFO B 

𝐻𝑎𝑙𝑑 + 𝐻𝑐𝑎𝑟 

𝐻𝑎𝑙𝑑 

𝐻𝑐𝑎𝑟 

Aldehydic and carboxylic hydrogens 

Aldehydic hydrogens 

Carboxylic hydrogens 

9.0 – 12.0  0.44 

0.12 

0.34 

0.76 

0.18 

0.58 

𝐻𝐴𝑟
𝑝𝑎

 Aromatic hydrogens in poly-aromatic rings 7.2 – 9.0 2.15 2.61 

𝐻𝐴𝑟
𝑚𝑎 Aromatic hydrogens in mono-aromatic rings 6.0 – 7.2 2.01 1.96 

𝐻𝑜𝑙𝑒 Olefinic hydrogens 4.5 – 6.0 0.15 0.12 

𝐻𝑃𝑎𝑟
α−Ar + 𝐻𝑁𝑎𝑝

α−Ar

+ 𝐻𝑂𝐻 + 𝐻𝑆𝐻 

Hydrogens in paraffinic and naphthenic groups 
(CH3, CH2 and CH) in α position to aromatic 
ring; other groups like OH, SH also appear in 
this region 

2.0 – 4.5 20.55 

 

22.41 

 

𝐻𝑃𝑎𝑟
α−Ar Hydrogens in paraffinic groups (CH3, CH2 and 

CH) in α position to aromatic ring 
 13.4 12.38 

𝐻𝑁𝑎𝑝
α−Ar Hydrogens in naphthenic groups (CH2 and CH) 

in α position to aromatic ring 
 5.32 8.34 

𝐻𝑂𝐻 Hydrogens in OH group in α position to 
aromatic ring 

 0.45 1.21 

𝐻𝑆𝐻 Hydrogens present in mercaptan groups (SH)  1.38 0.48 

𝐻𝑁𝑎𝑝−𝐶𝐻2

β−Ar
 Hydrogens in naphthenic group (CH2) in β 

position to aromatic ring 
1.5 – 2.0 5.8 6.21 

𝐻𝑃𝑎𝑟−𝐶𝐻2

β−Ar
 Hydrogens in paraffinic group (CH2) in β 

position to aromatic ring 
1.0 – 1.5 35.55 32.15 

𝐻𝑃𝑎𝑟−𝐶𝐻3

γ−Ar
 Hydrogens in paraffinic group (CH3) in γ 

position and further, to aromatic ring 
0.1 – 1.0 14.74 13.66 
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Table 7-3: AMPs derived from 13C NMR 

Symbol Description Chemical shift 
(ppm) 

Number of 
atoms in 
surrogate 
molecule of 
HFO A 

Number of 
atoms in 
surrogate 
molecule of 
HFO B 

𝐶𝑎𝑙𝑑 + 𝐶𝑘𝑒𝑡 Aldehydic and ketonic  carbons 190.0 – 220.0 0.43 1.16 

𝐶𝑎𝑙𝑑 Aldehydic carbons  0.11 0.14 

𝐶𝑘𝑒𝑡 Ketonic carbons  0.32 1.02 

𝐶𝑞𝑢𝑖 Quinolinic carbons 178.0 – 190.0 0.93 0.68 

𝐶𝑐𝑎𝑟 Carboxylic carbons 160.0 – 178.0 0.31 0.58 

𝐶𝐴𝑟−𝑠𝑎𝑡  Quaternary aromatic carbons  137.0 – 160.0 9.16 10.82 

𝐶𝐴𝑟
α−S,N Quaternary aromatic carbons 

(mercaptans, benzo, 
dibenzothiophene and benzopyridine 
type structures) in α position to 
sulfur or nitrogen atom 

137.0 – 140.5 
 

1.18 0.88 

𝐶𝐴𝑟
α−O Quaternary aromatic carbons (in 

benzo and dibenzo type structures) 
in α position to Oxygen atom 

154.0 – 157.0 0.08 0.12 

𝐶𝐴𝑟−𝑠𝑎𝑡
α−𝐶𝐻3 + 𝐶𝐴𝑟

AA 

 

Aromatic carbons linked to CH3 group 
in α position; and carbon bridging 2 
aromatic rings together 

129.2 – 137.0 
 

3.71 3.13 

𝐶𝐴𝑟
AA Aromatic carbons bridging 2 aromatic 

rings together 
129.7 – 131.7 1.81 2.01 

𝐶𝐴𝑟−𝑠𝑎𝑡
α−𝐶𝐻3  Aromatic carbons linked to CH3 group 

in α position 
 1.9 1.12 

𝐶𝐴𝑟−𝐻+𝐶𝐴𝑟
AAA

+ 𝐶𝑜𝑙𝑒 
Protonated aromatic carbons; 
aromatic carbons bridging 3 aromatic 
rings together; and olefinic carbons 

85.0 – 129.2 4.44 5.26 

𝐶𝐴𝑟−𝐻 Protonated aromatic 
carbonsAromatic carbons bridging 3 

 4.09 4.89 

𝐶𝐴𝑟
AAA Protonated aromatic 

carbonsAromatic carbons bridging 3 
 0.21 0.28 

𝐶𝑜𝑙𝑒 Olefinic carbons  0.14 0.09 

𝐶𝑃𝑎𝑟
α−OH Paraffinic carbons in α position to OH  60.0 – 75.0 0.22 1.03 

𝐶𝑃𝑎𝑟−𝐶  Quaternary paraffinic carbons 50.0 – 60.0 0.33 0.23 

𝐶𝑃𝑎𝑟−𝐶𝐻2

+ 𝐶𝑃𝑎𝑟−𝐶𝐻 
 𝐶𝑁𝑎𝑝−𝐶𝐻2

+ 

𝐶𝑁𝑎𝑝−𝐶𝐻 

Paraffinic and naphthenic carbons 
(CH2 and CH) 

 

21.5 – 50.0 
 

26.49 
 

24.61 
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𝐶𝑃𝑎𝑟−𝐶𝐻 Paraffinic carbons (CH) 32.9 1.2 0.21 

𝐶𝑃𝑎𝑟−𝐶𝐻2
 Paraffinic carbons (CH2)  21.48 18.22 

𝐶𝑁𝑎𝑝−𝐶𝐻2
+ 

𝐶𝑁𝑎𝑝−𝐶𝐻 

Naphthenic carbons (CH2 and CH)  3.81 6.18 

𝐶𝑃𝑎𝑟−𝐶𝐻3

α−Ar  Paraffinic carbons (CH3 type) in α 
position to aromatic ring 

18.5 – 21.5 2.1 1.31 

𝐶𝑃𝑎𝑟−𝐶𝐻3
 Paraffinic carbons (CH3 type) 3.0 – 18.5 4.73 3.91 

     

 

7.3.3 Derived AMPs 

In addition to the AMPs calculated from the basic integrals, a number of derived AMPs 

can be calculated i.e the AMPs are re-arranged to give derived AMPs that have no 

dimensional unit. These derived AMPs give valuable additional information about the 

overall structure of the sample. The method by Williams [221] and Brown and Ladner 

[222] employed 1H NMR to determine the AMPs and derived AMPs. Clutter et al. [225] 

combined the data from 1H NMR with 13C NMR data to determine the same derived AMPs 

but used 13C NMR data wherever possible. This gives better accuracy compared to when 

1H NMR data alone is used. Many derived AMPs have been reported in early literature, 

which are derived by using hypothetical models and usually present a simple method of 

calculation. Recently, more precise and complex models have been developed [45] to 

characterize heavy petroleum fractions, and use of these latest models has been made in 

the present work to study the structure of HFOs. Derived AMPs such as aromaticity 

factor (𝑓𝑎), (𝐶/𝐻) ratio, average chain length (𝑛), naphthenic ring number (𝑅𝑁), 
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aromatic ring number (𝑅𝐴), aromatic condensation index (𝜑) and aromatic condensation 

degree (Ω) have been calculated in the present work.  

Table 7-4: Derived AMPs  

Equations HFO A 

(no 

unit) 

HFO B 

(no 

unit) 

𝑓𝑎

=
𝐶𝐴𝑟−𝑠𝑎𝑡 + 𝐶𝐴𝑟−𝑠𝑎𝑡

𝛼−𝐶𝐻3 + 𝐶𝐴𝑟
𝐴𝐴 + 𝐶𝐴𝑟

𝐴𝐴𝐴 + 𝐶𝐴𝑟−𝐻 − 𝐶𝑜𝑙𝑒 +
2
3

 𝐶𝐴𝑟
𝛼−𝑆,𝑁 .  𝐶𝐴𝑟

𝛼−𝑂 + 𝐶𝑞𝑢𝑖

𝑐 + 𝑠 + 𝑛 + 𝑜
 

0.33 0.37 

(𝐶/𝐻)𝑝𝑎𝑟 =
𝐶𝑃𝑎𝑟

𝐻𝑝𝑎𝑟
=

𝐶𝑃𝑎𝑟−𝐶𝐻3
+ 𝐶𝑃𝑎𝑟−𝐶𝐻2

+ 𝐶𝑃𝑎𝑟−𝐶𝐻 + 𝐶𝑃𝑎𝑟−𝐶

𝐻𝑃𝑎𝑟−𝐶𝐻3

γ−Ar
+ 𝐻𝑃𝑎𝑟−𝐶𝐻2

β−Ar
+ 𝐻𝑃𝑎𝑟

α−Ar
 

0.43 0.39 

(𝐶/𝐻)𝐴𝑟 =
𝐶𝐴𝑟

𝐻𝐴𝑟
=

𝐶𝐴𝑟−𝑠𝑎𝑡 + 𝐶𝐴𝑟−𝑠𝑎𝑡
𝛼−𝐶𝐻3 + 𝐶𝐴𝑟

𝐴𝐴 + 𝐶𝐴𝑟
𝐴𝐴𝐴 + 𝐶𝐴𝑟−𝐻

𝐻𝐴𝑟
𝑚𝑎 + 𝐻𝐴𝑟

𝑝𝑎  
4.13 4.18 

(𝐶/𝐻)

=
𝐶𝑃𝑎𝑟 + 𝐶𝐴𝑟 + 𝐶𝑎𝑙𝑑 + 𝐶𝐾𝑒𝑡 + 𝐶𝑞𝑢𝑖 + 𝐶𝑐𝑎𝑟 + 𝐶𝑜𝑙𝑒 + 𝐶𝑃𝑎𝑟

α−OH + 𝐶𝑁𝑎𝑝−𝐶𝐻2
+ 𝐶𝑁𝑎𝑝−𝐶𝐻 + 𝐶𝑃𝑎𝑟−𝐶𝐻3

α−Ar   

𝐻𝑝𝑎𝑟 + 𝐻𝐴𝑟 +  𝐻𝑎𝑙𝑑 + 𝐻𝑐𝑎𝑟 + 𝐻𝑜𝑙𝑒 + 𝐻𝑁𝑎𝑝
α−Ar + 𝐻𝑂𝐻 + 𝐻𝑆𝐻 + 𝐻𝑁𝑎𝑝−𝐶𝐻2

β−Ar
 

0.65 0.66 

𝑛1̅̅ ̅ =
𝐶𝑃𝑎𝑟−𝐶𝐻3

+ 𝐶𝑃𝑎𝑟−𝐶𝐻2
+ 𝐶𝑃𝑎𝑟−𝐶𝐻 + 𝐶𝑃𝑎𝑟−𝐶

𝐶𝑃𝑎𝑟−𝐶𝐻3

 
5.86 5.77 

𝑛2̅̅ ̅ =
𝐶𝑃𝑎𝑟−𝐶𝐻3

+ 𝐶𝑃𝑎𝑟−𝐶𝐻2
+ 𝐶𝑃𝑎𝑟−𝐶𝐻 + 𝐶𝑃𝑎𝑟−𝐶

𝐶𝐴𝑟−𝑠𝑎𝑡 −  𝐶𝐴𝑟
𝛼−𝑂 −  𝐶𝐴𝑟

𝛼−𝑆,𝑁  
3.52 2.30 

𝑛3̅̅ ̅ =
𝐶𝑃𝑎𝑟

𝐻𝑝𝑎𝑟 − 2. 𝐶𝑃𝑎𝑟
 

3.38 3.07 

𝑅𝑁 =
𝐶𝑁𝑎𝑝−𝐶𝐻2

+ 𝐶𝑁𝑎𝑝−𝐶𝐻 + 𝐶𝑜𝑙𝑒

4
 

1.01 1.58 

𝑅𝐴 =
𝐶𝐴𝑟−𝑠𝑎𝑡

𝛼−𝐶𝐻3+𝐶𝐴𝑟
𝐴𝐴+𝐶𝐴𝑟

𝐴𝐴𝐴

2
 +1 

2.96 2.71 

𝑅𝑇 = 𝑅𝐴 + 𝑅𝑁 3.97 4.29 

φ =
𝐶𝐴𝑟

𝐴𝐴 + 𝐶𝐴𝑟
𝐴𝐴𝐴

𝐶𝐴𝑟−𝑠𝑎𝑡 + 𝐶𝐴𝑟−𝑠𝑎𝑡
𝛼−𝐶𝐻3 + 𝐶𝐴𝑟

𝐴𝐴 + 𝐶𝐴𝑟
𝐴𝐴𝐴 + 𝐶𝐴𝑟−𝐻

 
0.11 0.12 

Ω =  
𝐶𝐴𝑟

𝐴𝐴𝐴

𝐶𝐴𝑟
𝐴𝐴  

0.12 0.14 

   

The formulae used to calculate the above derived AMPs were taken from Poveda and 

Molina [45] and are shown in Table 7-4. Aromaticity factor (𝑓𝑎) was the first derived AMP 

reported in the literature to denote the aromatic content in the sample. It is usually 
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defined at the ratio of aromatic carbons to the total carbons in the sample.  Different 

formulae have been proposed in the literature to calculate (𝑓𝑎) by Williams [221], Brown 

and Ladner [222] and Lee and Glavincevski [226]. A drawback when these formulae are 

applied to HFOs is that they do not account for the significant quantities of heteroatoms 

like sulfur, nitrogen and oxygen present in HFOs. This is overcome by the formula used in 

the present work where a correction is proposed to account for the heteroatoms. The 

fraction of the heteroatoms that are aromatic are calculated and used in the formula [45]. 

 (𝐶/𝐻) ratio (or (𝐻/𝐶) ratio) is another important derived AMP which is the ratio of 

number of carbon to hydrogen atoms in the fuel. The amount of energy released when 

burning a fuel is related to (𝐶/𝐻) ratio of the fuel i.e lower the (𝐶/𝐻) ratio more is the 

energy released during combustion. NMR data can be used to calculate the (𝐶/𝐻) ratio 

of a fuel. The ASTM D-5291 technique which is used to calculate the (𝐶/𝐻) ratio cannot 

be employed for low boiling samples. In these cases, NMR presents as a useful alternative 

method to calculate the (𝐶/𝐻) ratio.   (𝐶/𝐻)𝑝𝑎𝑟 and (𝐶/𝐻)𝐴𝑟 represent the carbon to 

hydrogen ratio in paraffinic and aromatic content of the fuel respectively and these can 

also be calculated. The term average paraffinic chain length (�̅�), or the number of carbons 

in a paraffinic group, was coined by Willliams [221]. It was calculated by using 1H NMR 

data alone without taking into account the carbon structure. Here (�̅�) is calculated in 3 

ways, (i) the ratio between the total number of paraffinic carbons to the number of 

paraffinic carbons appearing in terminal methyl groups (𝑛1̅̅ ̅); (ii) the ratio between the 

total number of paraffinic carbons to the number of paraffinic carbons appearing in the 
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beginning of the chain (𝑛2̅̅ ̅); and (iii) by assuming that the paraffinic chains are connected 

with aromatic rings (𝑛3̅̅ ̅). This formula [45] can be derived from the general formula for 

paraffins namely, CnH2n+2. We get, 

(𝐶/𝐻)𝑝𝑎𝑟 =
𝑛3̅̅̅̅

2 𝑛3̅̅̅̅ +2
         (7-3) 

Since the paraffinic chain is assumed to be connected to an aromatic ring, the formula for 

paraffins becomes CnH2n+1. Equation 7-3 can be re-written as 

(𝐶/𝐻)𝑝𝑎𝑟 =
𝑛3̅̅̅̅

2 𝑛3̅̅̅̅ +1
         (7-4) 

Equation 7-4 can be used to calculate (𝑛3̅̅ ̅). 

 The naphthenic ring number (𝑅𝑁) has been calculated by a number of equations 

developed by Qian et al. [227] and Rongbao et al. [228]. These equations require the 

knowledge of too many variables and become difficult to be used. The following equation 

gives the relation proposed by Williams [221], 

𝑅𝑁 =
𝐶𝑁𝑎𝑝

3.5
          (7-5) 

where 𝐶𝑁𝑎𝑝 is the number of naphthenic carbons in an average molecule. Assuming that 

the unsaturated molecules are of benzonaphthenic type, Poveda and Molina [45] changed 

the factor 3.5 in Equation 7-5 to 4 as the number of carbons required for a 

benzonaphthenic ring structure to be formed from an aromatic ring is 4. Also an 

additional naphthenic ring would require 4 carbon atoms. The aromatic ring number (𝑅𝐴) 
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has been calculated in a number of ways. In the present work it is calculated by using the 

following equation, 

𝑅𝐴 =
𝐶𝐴𝑟− 𝐶𝐴𝑟

𝑃

2
 +1         (7-6) 

Where 𝐶𝐴𝑟 refers to the number of aromatic carbons and 𝐶𝐴𝑟
𝑃  to the number of peripheral 

aromatic carbons in an average molecule. The total ring number 𝑅𝑇 is the sum of 

naphthenic and aromatic ring numbers. The aromatic condensation index (φ) helps to 

establish the relationship between the total number of aromatic carbons and those 

aromatic carbons that form poly-condensed structures. A value of 0 denotes the absence 

of a condensation center and high values of 0.7 point to structures that are highly 

condensed. Aromatic condensation degree (Ω) was defined by Poveda and Molina [45] 

and it is the ratio number of peri-condensed aromatic carbons to the number of cata-

condensed aromatic carbons. 

Using Equation 7-1 the AMPs are calculated directly with unit as weight percentage and 

by combining with the result from Equation 7-2, they are calculated as the number of 

atoms per average molecule. The AMPs for the HFOs calculated from 1H NMR and 13C 

NMR are reported in Table 7-2 and 7-3 respectively. HFO A has 53.12 carbon and 81.68 

hydrogen atoms in its average molecule while HFO B has 52.72 carbon and 78.88 

hydrogen atoms along with other heteroatoms. Functionalities like aldehydes, carboxylic 

acids and olefins were found to be negligible compared to the paraffinic and aromatic 

content in both the samples. Most of the carbon and hydrogens in the HFOs were found 
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to appear as paraffinic CH2 groups, some as paraffinic CH3 groups and napthenic CH2 

groups. HFO B has a higher naphthenic content compared to that seen in HFO A. Other 

AMPs were found to be more or less similar for both the HFOs. 

The values of the derived AMPs calculated are reported in Table 7-4. HFO B was found to 

be slightly more aromatic (𝑓𝑎 = 0.37) compared to HFO A (𝑓𝑎 = 0.33). The high (𝐶/𝐻) 

values of 0.65 and 0.66 for HFO A and HFO B indicate the presence of high aromatic 

content and the high (𝐶/𝐻)𝐴𝑟 values of around 4 indicate that 4 out of 6 aromatic carbons 

are non-protonated. This means that the aromatic rings could be condensed or have 

multiple side chains connected to them. The average chain length calculated from the 3 

methods was found to vary between 2 to 6. This could indicate the possibility of multiple 

short chains connected to aromatic rings rather than longer and fewer chains. These 

derived AMPs help to give an overall understanding of the structure of the HFOs. The 

naphthenic ring number (𝑅𝑁) of 1.58 for HFO B was higher than 1.01 for HFO A. This was 

expected since the sample B had a higher naphthenic content. Low values of the aromatic 

condensation index (φ) for both samples shows that the surrogate HFO molecule is only 

slightly condensed. Also low values (< 0.15) of the aromatic condensation degree (Ω) 

indicates that the condensation type is cata-condensation. 

7.4 Functional group analysis 

The method of characterizing complex petroleum fuels by the method of functional 

groups was first introduced by Allen et al. [229] to study coal derived liquids. The 

molecules in hydrocarbon mixtures are made up of a limited number of functional groups 
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and it is these functional groups that mostly determine the chemical properties of the 

fuel.  Quantification of these functional groups provides a useful characterization 

technique and also allows for comparison between fuels. The functional groups are 

calculated by combining the data from elemental analysis and NMR spectroscopy after 

converting them into units of concentration (mol/100g). Another advantage of this 

method is that, by using these functional group concentrations, we can calculate physical 

properties like heat of formation, heat capacities [11], critical properties and 

thermodynamic properties.  

The first step involved in this procedure is to propose a set of functional groups that can 

ideally represent the structures in the fuel. Choosing the appropriate functional groups is 

subjective and the choice is based on experience or experimental data from experiments 

like Infra-red (IR) and Mass spectrometry (MS). The proposed set must be large enough 

to make use of the experimental data (elemental and NMR), and at the same time small 

enough that meaningful concentrations are determined using the available data.  

The next step in the procedure is to relate the concentration of the unknown functional 

groups to sum of the concentrations of the atomic species it is made up of. For example, 

the concentration of benzene is calculated by summing the concentration of aromatic 

hydrogens and protonated aromatic carbons and dividing it by 6. This is done by forming 

a set of balance equations as per Equation 7-7, 

∑ 𝐴𝑖𝑗𝑦𝑗 = 𝑏𝑖 (𝑖 = 1, … , 𝑚)𝑛
𝑗=1        (7-7)  
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where, 𝑦𝑗  (𝑗 = 1, … , 𝑛) are the unknown functional group concentrations. 𝑏𝑖 (𝑖 =

1, … , 𝑚) are the atomic species concentration (determined from nmr). 𝐴𝑖𝑗, represent the 

stoichiometric coefficients.  

Along with Equation 7-7, we use the condition from Equation 7-8 i.e. concentrations of 

the functional groups cannot be negative, 

𝑦𝑗 ≥ 0           (7-8) 

For the problem presented by Equations 7-7 and 7-8, two solutions are possible. In the 

first case, the number of balance equations given by Equation 7-7 are greater than the 

unknown functional group concentrations. Here the equations are over-estimated and 

the concentrations of the unknown functional groups are estimated using the method of 

least squares. In the second case, when the number of equations are lesser than the 

number of unknown functional groups, there can be either no solution or an infinite 

number of solutions. If there is no solution, then the set of functional groups chosen has 

to be revised to better describe the available experimental data. If space for a solution 

exists, a single solution can be selected from the feasible range. The unknown functional 

group concentrations (𝑦1, … , 𝑦𝑛) in such a case are chosen such that a function 

𝑃(𝑦1, … , 𝑦𝑛) is minimized, as per the following equation. 

𝑃 = ∑ ∑ (
𝑏𝑖

𝐴𝑖𝑗𝑁𝑖
− 𝑦𝑗)

2
𝑛
𝑗=1

𝑚
𝑖=1         (7-9) 
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where, 𝑁𝑖 is the number of unknown functional groups species 𝑖. Equation 7-9 is built on 

the assumption that the probability of distribution of the atoms is same for all the 

functional groups. Concentrations of the unknown functional groups can then be found 

by collectively using Equations 7-7, 7-8 and 7-9. Alternately when qualitative data from 

experiments like high resolution mass spectra is available, the function 𝑃 to be minimized 

can also be represented by the following equation, 

𝑃 = ∑ (𝑦𝑖 − 𝑓𝑖
2)

2𝑛
𝑖=1          (7-10) 

where,  𝑓𝑖  is the concentration of the functional group 𝑖, predicted from high resolution 

mass spectra. This is calculated by assigning a structure to every peak in the mass 

spectrum. The structures are composed of the pre-defined functional groups. The 

concentrations of the functional groups are calculated by adding the contributions from 

all the peaks. Now the Equations 7-7, 7-8 and 7-9 are used to calculate the functional 

group concentrations. 

The functional groups chosen to represent the HFOs are shown in Figure 7-2.  The set 

accounts for the major structural features of HFOs namely, aromatics (single and 

condensed), naphthenes, paraffinic chains, alcohols, ketones, aldehydes, carboxylic acid 

and hetero-atoms (S, N, O). Particular attention was given to characterize the presence of 

sulfur and so functional groups that contain sulfur were used. Sulfur was assumed to be 

present in the HFOs in structures like mercaptans (thiophenol), benzo and 

dibenzothiophenes [230].In the present case, a total of 19 functional groups have been 
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specified (𝑛 = 19) and 26 atomic species were used (𝑚 = 26) . The values of the 

concentrations of the atomic species and the stoichiometric coefficients (𝐴𝑖𝑗) are 

reported in Table 5-5. The values of the functional group concentrations were calculated 

by the method of least squares using Equations 7-7 and 7-8. The concentrations of the 

functional groups are reported in Table 7-6. The functional groups calculated represent 

93% and 94% of the mass of HFO A and HFO B respectively.   

 

Figure 7-2: List of functional used to represent HFOs



Table 7-5: Stoichiometric Coefficients (𝐴𝑖𝑗) 

 Concentration 

(mol/100g) 

Stoichiometric Coefficients (𝐴𝑖𝑗) 

Constraint 
(𝑏𝑖) 

HFO 
A 

HFO 
B 

Functional group (𝑗) 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 

𝐻𝑎𝑙𝑑1
 0.016 0.024 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 

𝐻𝑐𝑎𝑟2
 0.045 0.077 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 

𝐻𝐴𝑟
𝑝𝑎

3
 0.284 0.345 0 8 0 0 8 7 -1 -1 -1 -1 -2 -1 -1 -1 -1 0 0 0 0 

𝐻𝐴𝑟
𝑚𝑎

4
 0.266 0.259 6 0 5 6 0 0 -1 -1 -1 -1 -2 -1 -1 -1 -1 0 0 0 0 

𝐻𝑃𝑎𝑟
α−Ar

5
 1.772 1.637 0 0 0 0 0 0 0 0 0 0 0 3 2 1 0 0 0 0 0 

𝐻𝑁𝑎𝑝
α−Ar

6
 0.704 1.103 0 0 0 0 0 0 0 0 0 0 4 0 0 0 0 0 0 0 0 

𝐻𝑂𝐻7
 0.060 0.160 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 

𝐻𝑆𝐻8
 0.183 0.063 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

𝐻𝑁𝑎𝑝−𝐶𝐻2

β−Ar

9
 0.767 0.821 0 0 0 0 0 0 0 0 0 0 4 0 0 0 0 0 0 0 0 

𝐻𝑃𝑎𝑟−𝐶𝐻2

β−Ar

10
 4.702 4.252 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 2 0 0 

𝐻𝑃𝑎𝑟−𝐶𝐻3

γ−Ar

11
 1.950 1.807 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 3 0 0 0 

𝐶𝑎𝑙𝑑12
 0.015 0.019 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 
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𝐶𝑘𝑒𝑡13
 0.043 0.136 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 

𝐶𝑞𝑢𝑖14
 0.124 0.091 0 0 0 0 0 2 0 0 0 0 0 0 0 0 0 0 0 0 0 

𝐶𝑐𝑎𝑟15
 0.041 0.077 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 

𝐶𝐴𝑟−𝑠𝑎𝑡16
 1.220 1.441 0 2 0 2 4 2 0 0 0 0 0 0 0 0 0 0 0 0 0 

𝐶𝐴𝑟−𝐻17 0.545 0.651 6 8 5 6 8 7 0 0 0 0 0 0 0 0 0 0 0 0 0 

𝐶𝑃𝑎𝑟
α−OH

18
 0.029 0.137 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 

𝐶𝑃𝑎𝑟−𝐶19
 0.044 0.031 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 1 

𝐶𝑃𝑎𝑟−𝐶𝐻20
 0.160 0.028 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 1 0 

𝐶𝑃𝑎𝑟−𝐶𝐻2 21
 2.862 2.427 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 1 0 0 

𝐶𝑁𝑎𝑝−𝐶𝐻2

+ 𝐶𝑁𝑎𝑝−𝐶𝐻22
 

0.508 0.823 0 0 0 0 0 0 0 0 0 0 4 0 0 0 0 0 0 0 0 

𝐶𝑃𝑎𝑟−𝐶𝐻3

+  𝐶𝑃𝑎𝑟−𝐶𝐻3

α−Ar

23
 

0.910 0.695 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 1 0 0 0 

N24 0.017 0.022 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 

O25 0.002 0.143 0 0 0 0 0 0 1 1 1 2 0 0 0 0 0 0 0 0 0 

S26 0.102 0.075 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Functional groups (𝑗) are defined in Figure 7-2. 



 

Table 7-6: Concentration of the functional groups  

Functional group Concentration 
(mol/100g) 

HFO 
A 

HFO 
B 

Benzene 0.081 0.092 

Naphthalene 0.075 0.071 

Thiophenol 0.048 0.047 

Benzothiophene 0.045 0.051 

Dibenzothiophene 0.030 0.034 

Quinoline 0.026 0.029 

Alcohol 0.004 0.007 

Ketone 0.006 0.011 

Aldehyde 0.003 0.005 

Carboxylic acid 0.006 0.018 

Naphthene 0.165 0.204 

α CH3 0.260 0.142 

α CH2 0.511 0.482 

α CH 0.030 0.020 

α C-C 0.063 0.052 

β and β+ CH3  0.210 0.159 

β and β+ CH2 2.280 2.120 

β and β+ CH 0.110 0.078 

β and β+ C-C 0.061 0.058 

   

 

7.5 Surrogate molecule  

The idea behind the surrogate molecule representation is to generate a molecule which 

has functionalities distributed in a manner similar to that of the real fuel. This surrogate 

molecule also possesses the average molecular weight of the fuel. This method helps 

obtain a clear picture about the types of structures that can be found in the mixture. 

Another advantage of this method is that property estimation of the mixture can be 

carried out from the surrogate molecule using group additivity [231]. This is done by 
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assuming that the properties of the mixture is same as the properties of the surrogate 

molecule. A disadvantage of this method is that only integer number of atoms can be 

used in the surrogate structure. For example when the average molecular formula yields, 

say 0.33 moles of sulfur per molecule, then it becomes impossible to generate the 

surrogate molecule without over-representing it. In such a case, 3 molecules can be used 

to represent the fuel where one molecule alone contains the sulfur atom. This problem 

becomes severe for other hetero-atoms when their percentage is low. For example, HFO 

A contains 0.01 moles of oxygen per surrogate molecule. In this case 100 molecules would 

be needed to represent the fuel, one of which carries an oxygen atom. In such cases when 

the percentage of an atom is low it can be neglected, but the impact of such an 

approximation on property estimation is unknown. When there is high impact, then 

property estimation can be done through the functional groups approach. A non-integer 

or low value of the concentration of a functional group will not make a difference. 

Another disadvantage of this method is the inability to arrive at a surrogate molecule 

when the molecular weight of the mixture is too low. For example, when a fuel with an 

average molecular weight (e.g, 100) contains distribution of groups like paraffin’s, 

naphthenes, olefins, aromatics etc., then it becomes impossible to represent all the 

groups in a single molecule as the surrogate molecule would be a C7 or a C8 molecule. 

But this is not seen in the case of heavy petroleum fractions (like HFO) that usually have 

high molecular weights. The concept of surrogate molecules has been used to draw 

average molecules of vacuum residues [41], asphaltenes from tar [224], pyrolytic pitch 

fractions [228] and solvent refined coal [232]. 
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Figure 7-3: Surrogate molecule of HFO A and HFO B 

 

The surrogate molecule for the HFO is assumed to be aromatic connected with paraffinic 

chains. To develop the surrogate molecule data presented in Tables 7-2, 7-3 and 7-4 were 

used. Figure 7-3 shows the surrogate molecule for HFO A and HFO B. Carbon and 

hydrogen atoms that appear as aldehydes, carboxylic acid, olefins and alcohols were 

neglected from the surrogate molecule due to their low percentage and also for the sake 

of simplicity. Carbon, hydrogen and sulfur atoms are used in the surrogate molecule of 

HFO A and hetero-atoms like nitrogen and oxygen were neglected as their percentage 

was less. Table 7-7 shows the carbon type distribution in the surrogate molecules. The 

surrogate molecule of HFO A is composed of 7 CH3 groups (2 in α positions to aromatic 

ring), 23 CH2 groups (in 5 chains), 1 CH group, 3 aromatic rings (1 separate and other 2 

condensed) and 1 napthenic ring with a molecular formula of C51H80S. The surrogate 

molecule for HFO B is composed of 5 CH3 groups (1 in α position to aromatic ring), 21 CH2 
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groups (in 4 chains), 3 aromatic rings (1 separate and other 2 condensed) and 2 

naphthenic rings. The molecular formula for the surrogate molecule of HFO B is C51H76OS. 

HFO B has a higher oxygen content compared to HFO A and it was found to appear as a 

carbonyl (keton) group. The primary difference between the HFOs is that the sample B 

has a higher naphthenic content than sample A. HFO B was slightly more aromatic (𝑓𝑎 =

0.37) than HFO A (𝑓𝑎 = 0.33). The structure proposed in Figure 7-3 can be drawn in a 

number of ways such that it satisfies the AMPs calculated from the data. The surrogate 

molecule can be used for property estimation of the fuel or can also function as a 

surrogate for the fuel which can help in kinetic modeling studies. 
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Table 7-7: Carbon type distribution in the surrogate molecule 

Carbon type Number of atoms in 
surrogate molecule 

Position of the carbon atom in the surrogate 
molecule 

HFO A HFO B HFO A HFO A 

𝐶𝐴𝑟
α−S,N 

 

1.18 0.88 

  
𝐶𝐴𝑟−𝑠𝑎𝑡 − 𝐶𝐴𝑟

α−S,N 
 
 

7.98 9.94 

  
𝐶𝐴𝑟

AA 
 

1.81 2.01 

  
𝐶𝐴𝑟−𝑠𝑎𝑡

α−𝐶𝐻3  1.9 1.12 

  
𝐶𝐴𝑟−𝐻 

 
4.09 4.89 

  
𝐶𝑃𝑎𝑟−𝐶𝐻2

 

 

21.48 18.22 
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𝐶𝑁𝑎𝑝−𝐶𝐻2
+ 

𝐶𝑁𝑎𝑝−𝐶𝐻 

3.81 6.18 

  
𝐶𝑃𝑎𝑟−𝐶𝐻3

α−Ar  2.1 1.31 

  
𝐶𝑃𝑎𝑟−𝐶𝐻3

 4.73 3.91 

  
𝐶𝑃𝑎𝑟−𝐶𝐻 

 
1.2 0.21 

 

 

𝐶𝑘𝑒𝑡 0.32 1.02  

 
   

 

Comparison of the values calculated from the above 3 methods is reported in Table 7-8. 

The (𝐶/𝐻) ratio was found to be almost the same for the 3 methods and the value 

matched the experimental (𝐶/𝐻) ratio calculated from the elemental analysis. Major 

differences are seen for the  (𝐶/𝐻)𝐴𝑟 ratio calculated from the AMPs and the functional 
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group method. The low values reported by the functional group method is expected 

because the carbons in the aromatic functional groups are protonated while most of the 

aromatic carbons seen from the AMPs are non-protonated. These 3 methods represent a 

useful technique for structural characterization of complex petroleum fractions like HFOs. 

Table 7-8: Comparison of the methods 

Parameter Elemental analysis AMPs Functional group Surrogate 

molecule 

HFO A HFO B HFO A HFO B HFO A HFO B HFO A HFO B 

(𝐶/𝐻) 0.65 0.66 0.65 0.66 0.63 0.66 0.64 0.67 

(𝐶/𝐻)𝑝𝑎𝑟 - - 0.43 0.39 0.49 0.50 0.45 0.45 

(𝐶/𝐻)𝐴𝑟 - - 4.13 4.18 1.20 1.21 6 4.5 

Paraffinic C/Total C - - 0.54 0.45 0.53 0.47 0.61 0.52 

Naphthenic C/Total C - - 0.07 0.12 0.09 0.12 0.07 0.13 

Aromatic C/Total C - - 0.32 0.36 0.37 0.39 0.31 0.31 

Average chain length 

(𝑛3̅̅ ̅) 

- - 3.38 3.07 - - 3.87 4.5 

𝑅𝑁 - - 1.01 1.58 - - 1 2 

𝑅𝐴 - - 2.96 2.71 - - 3 3 

𝑅𝑇 - - 3.97 4.29 - - 4 5 

     

 

7.6 Property prediction 

Table 7-9 shows some of the properties calculated for the surrogate molecules using 

Quantitative structure-property relationship (QSPR) approach. The principle behind QSPR 
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is the premise that structural formula of a compound contains within itself all the required 

information that determines the physical, chemical and biological properties of the 

compound. The properties are calculated by establishing a mathematical relationship 

between the property and one or more molecular descriptors of the structure. Accurate 

prediction of properties like standard enthalpy of formation [175], standard entropy 

[233], density [174], flash point [13], laminar burning velocity [162] etc. and many others 

have been made using this approach. In the present study, four physical properties of the 

HFO surrogates, i.e., density, viscosity, specific gravity, refractive index and one chemical 

property, i.e., enthalpy of combustion, were predicted and experimentally validated. As 

shown in Table 7-9, the predicted values match well with the experimental data, which 

indicates that the proposed molecules can be used as surrogates to represent the HFO 

samples. The predicted values of other properties like critical pressure, critical 

temperature, critical volume etc. could not be experimentally verified and have been 

presented for the knowledge of the readers. 

 

 

 

 

 

Table 7-9: Predicted properties of the surrogate molecule using QSPR  

Property Unit HFO A HFO B 

Predicted Measured Predicted Measured 

density (@ 288 K) kg/m3 956.5 970.5 954.2 968 

specific gravity (@ 288 K) - 0.9561 0.9711 0.954 0.9677 
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 kinematic viscosity (@ 313 K) cSt 658.2 617.7 712.5 746.5 

critical pressure atm 22.81 - 23.20 - 

critical temperature K 1088 - 1156 - 

critical volume m3/mol 0.027 - 0.027 - 

normal boiling point K 924 - 942 - 

melting point K 334 - 342 - 

refractive index - 1.63 1.58 1.64 1.62 

absolute entropy (@ 298 K 
and 1 bar) 

J/mol/K 997.4 - 953.5 - 

enthalpy of formation (@ 298 
K and 1 bar) 

kJ/mol -793.7 - -902.1 - 

enthalpy of combustion (@ 
298 K) 

MJ/mol -29.26 -30.81 -28.67 -31.35 

Heat of vaporization (@ 298 
K) 

kJ/mol 245.6 - 253.9 - 

     

 

7.7 Conclusion 

The average molecular parameters (AMPs), functional groups and a surrogate molecule 

were calculated for 2 samples of Saudi Arabian heavy fuel oils (HFOs) by using NMR 

spectroscopy, elemental analysis and average molecular weight. The AMPs were used to 

calculate the number and type of carbon and hydrogen atoms present in the HFOs. 

Derived AMPs like aromaticity (𝑓𝑎), C/H ratio, average chain length (𝑛), naphthenic ring 

number (𝑅𝑁), aromatic ring number (𝑅𝐴), total ring number (𝑅𝑇), aromatic 

condensation index (𝜑) and aromatic condensation degree (Ω) were also calculated by 

using the recent formulae from literature. These derived AMPs can help in understanding 

the overall structure of the HFOs. 19 functional groups were defined to represent the 

HFOs and their concentrations were calculated which can be used for property estimation 

studies. Heteroatoms like sulfur, nitrogen and oxygen were also used in the functional 
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groups. The HFOs were also represented by a surrogate molecule by utilizing the data 

from the AMPs and the derived AMPs. The surrogate molecule can be used for property 

estimation studies and a number of useful properties were calculated for the surrogate 

molecule using the QSPR approach. The surrogate molecule can also as a surrogate to 

represent the molecular structure of the HFOs for kinetic studies.  
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Chapter 8: Conclusion and future work 

In this thesis, a novel approach for predicting fuel properties by knowledge of the fuels 

functional groups was tested on three classes of fuels namely gasolines, diesel and heavy 

fuel oil. Detailed procedure and equations were developed to identify and quantify seven 

different functional groups namely paraffinic CH3 groups, paraffinic CH2 groups, paraffinic 

CH groups, olefinic -CH=CH2 groups, naphthenic CH-CH2 groups, aromatic C-CH groups 

and ethanol OH groups from gasoline-ethanol blends using 1H NMR spectroscopy. A new 

parameter termed as branching index (BI) that represents the degree and quality of 

branching in a molecule was also defined to quantify the interconnectivity between 

functional groups. The theory and procedure to calculate the BI for various classes of 

molecules was also explained with examples.    

A novel approach for fuel surrogate formulation termed as the minimalist functional 

group (MFG) approach by treating functional groups as a target property was proposed 

and simple surrogates (containing a maximum of two molecules) were formulated for six 

FACE gasoline fuels (namely FACE A, C, F, G, I and J), three diesel fuels (Coryton Euro and 

Coryton US-2D certification grade and Saudi pump grade) and two jet fuels (POSF 4658 

and POSF 4734). High-resolution 1H NMR spectroscopy was used to identify and quantify 

the functional groups and BI of the target fuels. GC-MS data was used to analyse the 

functional groups in the jet fuels. Physical (e.g., density and average molecular weight) 

and chemical (e.g., H/C ratio and heats of combustion) properties of the fuels matched 

well with those of the MFG surrogates. The surrogates were experimentally validated 
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using IDT measured in an IQT, and similar values were obtained for the MFG surrogates 

and their target fuels. RCM and smoke point measurements were made for the FACE 

gasolines and their respective surrogates and results showed fair comparison overall. 

An ANN based model was developed to predict the RON and MON of pure hydrocarbons, 

hydrocarbon-ethanol blends and gasoline-ethanol blends using a dataset comprising of 

281 points (128 pure hydrocarbons, 123 hydrocarbon-ethanol blends and 30 gasoline-

ethanol blends). The seven functional groups, BI and molecular weight were used as the 

nine inputs to the model. The models was validated against a separate test set comprising 

20% of the original data set and there was a good accuracy of prediction for both RON 

and MON (R2=0.98). An improved model for the prediction of DCN of hydrocarbon fuels 

was developed using MLR approach. A dataset of seventy one pure hydrocarbons and 

fifty four blends of known compositions were formulated and their DCN values were 

experimentally measured using the IQT. The predicted DCN values of twenty two real fuel 

mixtures and fifty nine multicomponent blends matched well with experimental data. 

1H NMR and 13C NMR experiments were performed on two samples of HFO and their AMP 

were calculated using various models in the literature. Derived AMP’s like aromaticity, 

average chain length, and aromatic and naphthenic ring numbers were also calculated. A 

set of 19 functional groups were defined to represent overall structure of HFO and their 

concentrations in the fuel were calculated by setting up balance equations with the AMP 

data. A surrogate molecule was formulated for HFO using the obtained information a 

number of useful properties were calculated for the surrogate molecule using the QSPR 
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approach. The surrogate molecule can also represent the molecular structure of the HFOs 

for kinetic studies. 

These results show the importance of different functional groups for replicating a variety 

of combustion relevant phenomenon (e.g., ignition delay, sooting index, etc.). The 

functional group approach can also be used to predict other properties like laminar flame 

speed, sooting index, ignition delay, heating value etc. The present work analysed 

hydrocarbon and alcohol (ethanol) functional groups. The functional group approach can 

be extended to include other functionalities like esters (observed in bio fuels), ethers, 

aldehydes, ketones etc. The MFG surrogates also closely matched the BI term for most of 

the real fuels; however, further research is required to determine how accurately the BI 

needs to be matched to emulate important combustion properties. Overall, the results 

confirm the hypothesis that the functional groups in a fuel can be utilized as a 

fundamental target property and serve as molecular descriptors to predict fuel property. 
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APPENDICES 

Appendix A 

Calculation of functional groups from 1H NMR spectra 

The functional groups are calculated (in weight %) from the 1H NMR spectra. The 

procedure involves the following 3 steps, 

1. Calculate the integral of the peaks corresponding to each functional group  

2. Convert the integral into mole % 

3. Convert mole % to weight % using the equations developed (see Table 2-2) 

The steps involved in calculating the functional groups for the FACE gasolines and the 

calculated values are shown below. 

1. Calculating the integrals 

 

Figure A-1: 1H NMR spectra of FACE A gasoline with the integral values of the groups 
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Figure A-2: 1H NMR spectra of FACE C gasoline with the integral values of the groups 

 

Figure A-3: 1H NMR spectra of FACE F gasoline with the integral values of the groups 
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Figure A-4: 1H NMR spectra of FACE G gasoline with the integral values of the groups 

 

Figure A-5: 1H NMR spectra of FACE I gasoline with the integral values of the groups 
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Figure A-6: 1H NMR spectra of FACE J gasoline with the integral values of the groups 

 

2. Integral to mole % 

Table A-1: Integrals of the functional groups calculated from 1H NMR spectra 

  Integral 
1H NMR 
Chemical 
shift Functional group FACE A FACE C FACE F FACE G FACE I FACE J 

0.25 - 0.94 Paraffinic CH3 472.21 514.84 25.70 13.55 663.34 4.58 

0.94 - 1.39 Paraffinic CH2 99.69 228.02 7.98 5.32 247.03 5.43 

1.39 - 1.57 Paraffinic CH 79.73 34.72 1.20 1.12 31.99 0.62 

1.57 - 1.96 Naphthenic  CH and CH2 1.49 14.06 2.91 2.82 10.21 0.10 

2.04 - 2.64 α CH3 0.22 1.31 0.44 1.72 0.75 1.12 

2.64 - 2.88 α CH2 0 0 0.02 0.02 0 0.02 

2.88 - 3.4 α CH 0 0 0.07 0 0 0 

4.5 - 6.4 Olefinic CH and CH2 0 0 0.58 0.38 8.98 0 

6.42 - 8.99 Aromatic CH 1 1 1 1 1 1 

 Total 654.33 793.95 39.9 25.93 963.3 12.87 
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Table A-2: Mole % of the functional groups calculated from the integrals 

  Mole % 
1H NMR 
Chemical 
shift Functional group FACE A FACE C FACE F FACE G FACE I FACE J 

0.25 - 0.94 Paraffinic CH3 72.17 64.85 64.41 52.26 68.86 35.59 

0.94 - 1.39 Paraffinic CH2 15.24 28.72 20.00 20.52 25.64 42.19 

1.39 - 1.57 Paraffinic CH 12.18 4.37 3.01 4.32 3.32 4.82 

1.57 - 1.96 Naphthenic  CH and CH2 0.23 1.77 7.29 10.88 1.06 0.78 

2.04 - 2.64 α CH3 0.03 0.16 1.10 6.63 0.08 8.70 

2.64 - 2.88 α CH2 0.00 0.00 0.05 0.08 0.00 0.16 

2.88 - 3.4 α CH 0.00 0.00 0.18 0.00 0.00 0.00 

4.5 - 6.4 Olefinic CH and CH2 0.00 0.00 1.45 1.47 0.93 0.00 

6.42 - 8.99 Aromatic CH 0.15 0.13 2.51 3.86 0.10 7.77 

 Total 100.00 100.00 100.00 100.00 100.00 100.00 

 

3. Mole % to Weight % 

Table A-3: Weight (arb units) of the functional groups calculated from the mole % 

  Weight (arb. unit) 
1H NMR 
Chemical 
shift Functional group FACE A FACE C FACE F FACE G FACE I FACE J 

0.25 - 0.94 Paraffinic CH3 360.83 324.23 322.06 261.28 344.31 177.93 

0.94 - 1.39 Paraffinic CH2 106.65 201.04 140.00 143.62 179.51 295.34 

1.39 - 1.57 Paraffinic CH 158.39 56.85 39.10 56.15 43.17 62.63 

1.57 - 1.96 Naphthenic  CH and CH2 2.05 15.94 65.64 97.88 9.54 6.99 

2.04 - 2.64 α CH3 0.17 0.82 5.51 33.17 0.39 43.51 

2.64 - 2.88 α CH2 0.00 0.00 0.35 0.54 0.00 1.09 

2.88 - 3.4 α CH 0.00 0.00 2.28 0.00 0.00 0.00 

4.5 - 6.4 Olefinic CH and CH2 0.00 0.00 13.08 13.19 8.39 0.00 

6.42 - 8.99 Aromatic CH 2.66 4.94 84.11 186.04 2.91 281.59 

 Total 630.75 603.82 672.13 791.86 588.21 869.08 
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Table A-4: Weight % of the functional groups calculated from the weight 

  Weight % 
1H NMR 
Chemical 
shift Functional group FACE A FACE C FACE F FACE G FACE I FACE J 

0.25 - 0.94 Paraffinic CH3 57.21 53.70 47.92 33.00 58.53 20.47 

0.94 - 1.39 Paraffinic CH2 16.91 33.29 20.83 18.14 30.52 33.98 

1.39 - 1.57 Paraffinic CH 25.11 9.42 5.82 7.09 7.34 7.21 

1.57 - 1.96 Naphthenic  CH and CH2 0.33 2.64 9.77 12.36 1.62 0.80 

2.04 - 2.64 α CH3 0.03 0.14 0.82 4.19 0.07 5.01 

2.64 - 2.88 α CH2 0.00 0.00 0.05 0.07 0.00 0.13 

2.88 - 3.4 α CH 0.00 0.00 0.34 0.00 0.00 0.00 

4.5 - 6.4 Olefinic CH and CH2 0.00 0.00 1.95 1.67 1.43 0.00 

6.42 - 8.99 Aromatic CH 0.42 0.82 12.51 23.49 0.49 32.40 

 Total 100.00 100.00 100.00 100.00 100.00 100.00 

 

Table A-5: Functional groups (weight %) present in FACE gasolines 

 Weight % 

Functional group FACE A FACE C FACE F FACE G FACE I FACE J 

Paraffinic CH3 57.23 53.83 48.74 37.18 58.60 25.48 

Paraffinic CH2 16.91 33.29 20.88 18.20 30.52 34.11 

Paraffinic CH 25.11 9.42 6.16 7.09 7.34 7.21 

Naphthenic  CH and CH2 0.33 2.64 9.77 12.36 1.62 0.80 

Olefinic CH and CH2 0.00 0.00 1.95 1.67 1.43 0.00 

Aromatic CH 0.42 0.82 12.51 23.49 0.49 32.40 

 

Uncertainties in NMR spectral analysis and functional group calculation 

Nuclear magnetic resonance spectroscopy (NMR) is a useful technique for characterizing 

petroleum fuels, since the NMR signals can be used for identifying and quantifying 

functional group concentrations in the fuel. However, developing automation for 

processing 1H NMR data is complicated due to shift uncertainties caused by measurement 

imperfections. These uncertainties impact the accuracy of identification and 



219 
 

quantification of the functional groups and presently need to be compensated by time 

consuming manual interactions.  The resolution of the NMR spectrometer which is 

dependent on the strength of the magnet employed also plays a key role in deciding the 

accuracy obtained when using generated spectra. Low resolution NMR produce broad 

overlapping peaks which cause issues when analyzing complex mixtures.   

There are also, a number of different mathematical methods and approaches used for 

post-processing the spectra that can affect the accuracy of functional group evaluation. 

One of the most pervasive issues with Fourier Transform (FT)-NMR is the existence of 

baseline artifacts. Although modern NMR machines produce high quality baselines using 

powerful digital filtering and oversampling techniques, still some minor baseline 

corrections are needed to optimize the results. Spectra generated by old NMR 

instruments still in usage do not possess the instrumental advancements and baseline 

corrections for these are critical. A number of methods like splines, ablatives, Whittaker 

Smoother, Polynomial fitting, Bernstein polynomial fit etc. used to correct the baseline 

may produce slightly varying results.  

In the present work, characteristic chemical shifts were used to identify different 

functional groups present in the sample. Each chemical shift region in the 1H NMR spectra 

has been assigned to one or more functional groups. The region 6.4–9.0 is characteristic 

of aromatic groups. The signals due to protons in alpha position of the aromatics appear 

in the following regions 2.04 - 2.64 ppm, 2.64 - 2.88 ppm and 2.88 – 3.4 ppm are due to 

CH3, CH2 and CH groups, respectively. The region between 0.25 and 2.04 ppm is highly 
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overlapped due to signals from napthenic, normal and branched paraffins. A general 

assignment for CHn (n=1,2 and 3) in the region 0.25 – 2.04 is possible. For example, the 

region 0.25–0.94 ppm is all due to paraffinic CH3 protons, and 0.94 - 1.39 ppm is due to 

paraffinic CH2 groups. The region 1.39 - 2.05 ppm is overlapped and consists of CH2 and 

CH protons of both naphthenes and iso-paraffins. The later part of the above region (1.57 

– 2.05) seems to be a characteristic region for naphthenic groups, but some part of the 

signal intensity of naphthenic groups may lie between 1.4 – 0.5 ppm, overlapping signals 

from normal and branched paraffins. In the present Researchers have developed 

multiplet sub-spectral methods like gated spin echo (GASPE) and distortion-less 

enhancement polarization transfer (DEPT) to overcome the problem of signal overlap. 

Other workers have developed mathematical equations and procedures to calculate the 

PONA content of fuels like gasolines, diesel etc. by using 1H NMR spectra of standard 

samples of known. These techniques are often complex to understand and implement 

which have acted as a bottleneck for their use. In the present work, the region between 

1.39 – 1.57 ppm was assigned as the characteristic region for paraffinic CH signals and the 

region 1.57 – 1.96 was assigned for naphthenic CH and CH2 groups. This approximation 

makes the implementation of the above procedure easy for researchers. Also the 

functional groups obtained using the above chemical shits are in very good comparison 

between the values obtained from detailed hydrocarbon analysis of a number of standard 

gasolines. 
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The functional groups identified using the chemical shifts were quantified using peak 

integration to yield the relative proton content in the sample. These values were then 

used to calculate the weight % of the functional groups using the molecular weight each 

group. The molecular weight of the olefinic –CH=CH2 group and naphthenic CH-CH2 group 

is taken as 13.5 assuming that the hydrogen atoms are split equally between the CH and 

CH2 groups. In cases when the naphthenic groups are present entirely as CH2 groups (as 

in the case of cyclohexane; cyclo-pentane) the above approximation of 13.5 may slightly 

under-predict the naphthenic group contribution in the sample.  
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Appendix B 

Calculation of BI for surrogate species 

 

Figure B-1: Calculation of BI of the MFG surrogates for FACE gasoline fuels. The BI of a mixture is 
summation of the product of mole fraction of the constituent species with their respective BI’s.  
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Appendix C 

Artificial Neural Network Methodology  

The number of units in each layer of an ANN model can be varied. Apart from the nodes 

in the input layer, which are the original features supplied, a node in a particular layer is 

comprised of each node in the layer that came right before it. For example, a node in the 

‘hidden layer’ is comprised of the nodes in the input layer. As more hidden layers are 

added to the network, the subsequent nodes become more and more complex 

combinations of the original inputs (and what they represent becomes exponentially 

more convoluted).  

Each node has an associated weight that is directly proportional to the influence of that 

particular feature on the final output of the network. These weights are typically 

initialized randomly. For this study feed forward neural networks were used. The data 

moves in a single direction: from the input layer to the output.  During the “training” 

phase, where the dataset of interest is “fed” in to the network, the weights are adjusted 

through a method known as “back propagation”; the act of propagating information back 

through the network, such as the gradient of the loss function of interest, such as mean 

absolute error, root mean squared (RMS) error, and so forth. Each weight is adjusted 

respectively. After a certain number of iterations, also known as epochs, of the above 

process, a local minima will have been found for the specific ANN and dataset. The final 

model consists of the original architecture (the topology of the model) in addition to a 

matrix of optimized weights.  A wide range of (linear) combinations of the original 
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features is not sufficient to represent nonlinear functions. Rather, an “activation 

function” is needed to provide a saturation limit such as the sigmoid function or the 

‘rectifier’, which is presently the most popular function for deep ANNs. It is this 

combination that allows for Artificial Neural Networks to represent complex and non-

linear relationships between the given inputs and outputs.  

Multiple feed forward architectures were tested, some of which are presented in table C-

1 in the form of units in each layer separated by a dash, where the first represents the 

input layer. It must be noted that these models were not tuned in the same fashion as 

the final models, as the regularization coefficients and loss function were not optimized. 

Table C-1: Sample of tested ANN architectures 

Architecture Mean error (RON) Mean error (MON) 

absolu
te 

RMS percentage absolute RMS percentage 

9-20-1 3.9 5.1 4.4 4.6 5.7 5.7 
9-20-40-1 2.9 4.1 3.3 3.6 4.6 4.5 
9-80-160-1 2.4 3.8 2.8 2.8 3.9 3.4 
9-200-400-1 2.5 4.0 3.0 2.6 4.1 3.0 
9-160-80-40-1 2.9 4.6 3.2 3.4 4.9 4.1 
9-80-160-80-1 2.8 4.2 3.1 2.7 4.6 3.3 
9-20-40-80-160-1 3.1 3.9 3.4 3.4 4.8 4.1 

 

Overall, models with two hidden layers and a high number of nodes resulted in the lowest 

overall error metrics and best generalization performance. The most likely explanation 

for this result is that ‘deeper models’, models with more hidden layers, have too many 

features for the used dataset, and therefore ‘overfit’ the training data. Therefore, the 

network is effectively ‘memorizing’ the individual data points, as opposed to finding a 
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general pattern, hence performing poorly on the test set. This is subject to improvement 

with a larger dataset. 

 A common method for combating overfitting is known as “regularization”. There are 

many different methods, although they all boil down to the penalization of solutions that 

are “complex”. L1 regularization penalizes solutions with a relatively high number of non-

zero weights – solutions that depend on a lot of features, while L2 regularization penalizes 

solutions with large weight coefficients – solutions that depend heavily on single features. 

Another method of interest known as ‘dropout’ drops arbitrary nodes in the network 

during each epoch, forcing the network not to rely heavily on specific nodes thus reducing 

the likelihood of over fitting. 

Apart from the architecture, several other parameters were varied, including the 

regularization type, the optimizer, the loss function, and the number of training epochs. 

L1, L2, and ‘dropout’ were tested as regularization methods. Dropout lead to the highest 

stability and the lowest overall error metrics. ‘Adam’ an extension of stochastic gradient 

descent, was settled upon as the optimizer. The optimal loss function differed for the two 

models: for RON it was found to be mean squared error, while for MON it was mean 

absolute error. Lastly, 5000 epochs were chosen due to empirical evidence. 

 

 

 


