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Abstract

The development of predictive models for key physical properties of aviation fuels using
atom type mole fractions derived from 'H 3C HSQC NMR spectroscopy was investigated.
The approach enables property estimation from small sample volumes, supporting the

prescreening of sustainable aviation fuel (SAF) candidates.

Datasets were compiled for six properties: liquid density, surface tension, flash point,
distillation curve, derived cetane number, and kinematic viscosity. Experimental and literature
data provided 1,241 points for density, 1,260 for surface tension, 1,074 for distillation curve,
405 for derived cetane number, 184 for flash point, and 1,373 for viscosity. Models were
developed using multiple linear regression, binomial regression, random forest regression, and

artificial neural networks, with validation against unseen test data.

The density and surface tension models achieved the highest predictive accuracy, with mean
errors of 0.47 % and 2.22 % respectively. The flash point and distillation curve models also
performed well, showing mean errors below 1 % and R? values above 0.97. The derived cetane
number model showed lower general correlation (R? < 0.95) but strong agreement for real-fuel
validation. The viscosity model, developed with an artificial neural network, achieved a mean

error of 3.61 %.

Overall, atom type based modelling demonstrates strong potential for efficient SAF
property prediction, demonstrating that the properties are physical by nature. Future
improvements will rely on expanding datasets to cover more complex mixtures and

compositional ranges.
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1. Introduction

Sustainable aviation fuels (SAFs) or more formally, synthetic aviation turbine fuels,
produced using carbon neutral feedstocks, are important in mitigating the environmental
impact of aviation, reducing greenhouse emissions, and enabling long-term sustainability in
the industry. Introducing new aviation fuels and fuel additives in accordance with ASTM
D4054! poses challenges for fuel producers due to the number of fuel property measurements
and the high volume of fuel required by the evaluation process, presenting a high economic

barrier to entry and a deterrent for investment.

~$50k (Testing Cost) 6 Months to 1 Year

~ 200 liter Neat Fuel Tier2 ~$350k (OEM Cost)

+4F

Prescreening ASTM D4054 Evaluation by OEMs
Tier a - Predictions Tier B - Measurements\ Phaset. 6 Monihs
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AIRBUS
OEM Review &
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Prescreening report
issued to SATF developer

OEM Review & Approval

B e
e Honeywell
o = 3 Rolis Roy(e"—
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< o Training Component/Rig Testing Engine/APU Testing
® Testing
Actual

6 Months — 1 Year
~$1M (OEM Cost)

Phase 2 2 - 3 Years
~$4M (Testing Cost)
~100k — 450k liter Neat Fuel

(P <
2V
Physical Measuremen!sj \

Figure 1. Process flowchart for a candidate sustainable aviation fuel, where prescreening is
a tool used to develop confidence in developer/producer product conformity to successful
D4054 OEM evaluation. !> 126

Prescreening is a novel technique where the properties of the SAF candidates can be
predicted using statistical regression or other mathematical models based on some form of
compositional information, this process is shown in Figure 1. Heyne et al.? have summarized
six key properties to which prescreening should be first applied to aid in eventual fuel
qualification. These include density at 15°C, surface tension at 22°C, viscosity at -20 and -
40°C, Derived Cetane Number (DCN), Distillation Curve and Flash Point. Density, defined as
the ratio of mass to volume, is a fundamental property that serves as an indicator for several
other characteristics including specific energy, viscosity, heat of combustion and atomization.?
Surface tension, the energy required to increase the surface area of a liquid, arises from the
balance between cohesive forces that bind molecules within the liquid and adhesive forces at
the liquid—interface boundary.® This property plays a critical role in determining droplet size

and atomization dynamics in gas turbine combustors, thereby influencing both efficiency and
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operability.? Viscosity, a measure of a liquid’s resistance to flow, further affects the ease of
fuel handling, loading and atomization.? The derived cetane number, obtained from ignition
delay time, provides a widely used metric for assessing fuel quality and its propensity to
knock.* Complementing this, the distillation curve characterizes the boiling point distribution
of a fuel, offering insight into its chemical composition and volatility profile.> ¢ Finally, flash
point, the minimum temperature at which a fuel generates a flammable vapor phase above the
liquid surface, constitutes a key safety parameter governing storage, handling and

transportation.’

As SAFs are intended to serve as ‘drop-in’ replacements for conventional fuels, ASTM
D4054! and ASTM D75668 outline specific fuel properties and acceptable range limits that a
SAF must exhibit if the fuel is to be approved for use with aviation original equipment
manufacturer (OEM) airframes and engines. The outlined properties are of primary importance

in this context and are therefore central to the focus of the research undertaken.

In the context of SAF evaluation and approval according to ASTM D4054, prescreening
methods that require minimal fuel quantities are advantageous, as they reduce costs while
providing sufficient data for accurate property predictions. Heteronuclear Single Quantum
Coherence (HSQC) Nuclear Magnetic Resonance (NMR) spectroscopy is a promising
technique for such applications due to its non-destructive nature and capability to analyse
complex mixtures. NMR spectroscopy probes molecular structures by utilizing the magnetic
properties of specific atomic nuclei. For hydrocarbon fuels, HSQC-NMR enhances traditional
NMR by correlating the chemical shifts of protons (‘H) with those of heteronuclei, such as
carbon (*C) or nitrogen (*N), enabling detailed structural analysis. This method is highly
effective for identifying and quantifying distinct atom types, where each atom type is defined

by its unique electronic environment within the molecular structure of a liquid fuel.

For fuel analysis, 'H C HSQC-NMR offers several distinct advantages that are
complementary to chromatographic and infrared spectroscopy methods. While certain gas
chromatography detectors are capable of sub-ppm detection sensitivity, 'H *C HSQC-NMR

achieves similar sensitivity without requiring extensive sample preparation, analyte
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derivatization, or calibration, which is often necessary in gas chromatography analyses.
Although infrared spectroscopy can face challenges with highly complex mixtures due to
overlapping spectral features, it remains a powerful tool for functional group characterization.
Additionally, 'H 3*C HSQC-NMR allows for in situ analysis and provides valuable structural
information about molecular interactions within complex mixtures. Compared to gas
chromatography (GC) and infrared spectroscopy, NMR spectroscopy generally involves

higher initial costs due to instrument acquisition and maintenance.

In this study, '"H *C HSQC-NMR is employed to quantify atom types in hydrocarbon
aviation turbine fuel-like mixtures, offering a detailed breakdown of the mole fraction of each
atom type. This information is of utility in understanding the composition and properties of the
fuel. The ability of 'H '*C HSQC-NMR to handle the inherent complexity of hydrocarbon
mixtures, while also providing both compositional and structural insights, makes it a valuable

tool in fuel research and development.
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2. Literature Review
2.1 Group Contribution Models

Liquid density and surface tension predictive models for small samples of aviation fuel
using an array of analytical techniques are available in literature.” !> Yang et al.!” used GCxGC
to determine the hydrocarbon group-type composition of SAF, relying on group elution
patterns based on volatility and polarity. Monte Carlo sampling was used to bound the range
of properties of SAF. This method reported a coefficient of determination (R?) of 0.93 for
density at 15 °C and a R? of 0.64 for surface tension at 22 °C for 20 predicted SAF values.
Heyne et al.! demonstrated that incorporating vacuum ultraviolet (VUV) identification into
GCxGC analysis reduced the uncertainty in various fuel property predictions, with confidence
intervals reduced up to 21 times compared to GCxGC with flame ionization detection (FID),
though R? values were not reported. Wang et al.'* has used Fourier Transform Infrared
Spectroscopy (FTIR) to characterize the average fuel structure in terms of functional groups
and use linear methods to estimate hydrocarbon fuel properties. This method reported a R? of

0.83 for density at 15 °C and a R? of 0.85 for surface tension at 22°C.

Group contribution methods are techniques that estimate the properties of pure components
through the summation of contributions from specific molecular groups or structures within
the compound.!®! Predictive models for density that utilize group contribution methods
already exist in the literature.?->> Skander et al.* conducted a study which used molecular
structures and a correction term based on the relative structure location to CH; groups and
carbon atom placement in ring structures for the estimation of physical properties of
hydrocarbons, including liquid density at 20 °C. The resulting model predicted liquid density
of all hydrocarbon classes with an Average Absolute Relative Deviation (AARD) of 1.3%.
Wakeham et al.?® utilized carbon atoms/bonds and molecular energies within hydrocarbons to
estimate the liquid density and critical properties with an Average Relative Error (ARE) of

1.17% for liquid density at 20 °C.
Similarly, group contribution methods for the estimation of surface tension are available in

the literature.?!- 263! Gharagheizi et al.?’ conducted a study where the surface tension for ionic

liquids were computed based on their chemical structures. These structures were defined by
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the anions and cations within the ionic liquids. After evaluating 34 different chemical
structures, they found that only 19 were effective for accurately estimating surface tension.
The model’s performance was characterized by an AARD of 3.20%. This study of Gharagheizi
et al.?’ represents the first instance in literature where surface tension estimation of a liquid
relied solely on group contributions and temperature. Building upon this approach, Shahsavari
et al.’! predicted the surface tension of ionic liquids using a group contribution method based
on the amount of each constituent element present, rather than chemical structures. The
resulting model displayed an AARD of 4.16%. These studies demonstrate that estimating
surface tension through group contributions is feasible, however, its application is limited to

known samples with discrete quantifiable chemical structures.

Flash point is a complex property based on the volatility of a sample, there are group

15,3243 Pan et al.*® developed

contribution models and predictive methods in the literature.
group contribution and quantitative structure property relationship (QSPR) models for
aliphatic and aromatic hydrocarbons, comparing multilinear regression (MLR) with artificial
neural networks and finding that nonlinear methods improved accuracy. Atabati et al.*!
employed stepwise multilinear regression on molecular connectivity indices of alkanes,

demonstrating reliable agreement with experimental data. Dai et al.>’

proposed group
contribution-based models for alkanes using both MLR and artificial neural networks (ANN)
approaches, achieving low average deviations. Saldana et al.>* extended structure-based
prediction to fuel mixtures, developing a machine-learning model paired with a novel
equation to estimate flash points of fuel blends based on component structures and mole

fractions.

DCN models based on molecular structure/composition exist in the literature*® 448, Lj et
al.*® introduced an machine-learned regression group contribution framework that predicts
cetane numbers for pure hydrocarbons and mixtures from fragment counts, establishing a
structural baseline. Al Ibrahim and Farooq*’ used infrared spectral features assembled from
pure-component spectra to predict DCN of hydrocarbon mixtures and real fuels, demonstrating
mixture-aware, composition-driven accuracy. Dalmiya et al.* extended this idea by using
liquid-phase IR absorption of jet fuels and functional-group surrogates to model DCN. Flora

1'44

et al.** combined GCxGC-resolved composition with a QSPR/Machine learning model to
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predict DCN for hydrocarbon species and blends representative of practical aviation fuels.
Broader structure-based machine learning has also been shown effective: graph neural

networks mapping molecular graphs to ignition-quality metrics including DCN.#°

Viscosity prediction models based on molecular structure and composition exist in the

literature!>: 21> 33.40.49-64 (Caj et al o2

built a QSPR using group/fragment descriptors to predict
temperature-dependent liquid viscosity of diverse hydrocarbons. Jovanovi¢ et al.>” proposed a
free-volume-based group-contribution model specific to n- and iso-alkanes. Lotgering-Lin and
Gross® introduced entropy-scaling and group-contribution viscosity correlations that connect
structure to transport via EOS-derived residual entropy. Panwar et al.>® used Gaussian process
regression with structural derived descriptors to model temperature-dependent viscosity of
complex hydrocarbon base oils. For real fuels, Caceres-Martinez et al. developed a least

squares model that predicts jet-fuel kinematic viscosity at =20 °C from composition-informed

features.®

Distillation curve prediction models have been widely developed in the literature®-">. Bell
et al.”? introduced general surrogate composition calculations that incorporated blending rules
for the distillation curve, providing a framework to link molecular composition to bulk
volatility behaviour. Dobbelaere et al.”” use machine learning starting from paraffins,
isoparaffins, olefins, naphthenes, aromatics, and oxygenates composition, and reconstruct
molecule-level mixture representations to predict full distillation profiles. Hosseinifar et al.®’
proposed a predictive method for petroleum fluids that constructs ASTM D86 and true-boiling-
point curves from limited data using a six-point input scheme. Pasadakis et al.®® demonstrated
that mid-infrared spectroscopy combined with artificial neural networks can accurately predict
detailed diesel distillation profiles at 5% volume intervals. Bolanca et al.”® further showed that
FTIR and Raman spectroscopy paired with neural networks are effective for estimating key
distillation parameters (T10, T50, T90), highlighting the utility of vibrational spectroscopic
descriptors in volatility prediction. There is a noticeable gap in literature for group contribution
methods for boiling point distribution profiles with the focus being on a molecular, as opposed

to sub molecular, level.
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While group contribution methods utilizing atom types, as proposed in this study, have been
previously employed in the literature,”” 7® their application to the prediction of the critical
properties under study in complex fuel-like mixtures remains unexplored. In this regard, Prof.
Dooley’s research group have previously developed the 'H 3C HSQC NMR methodology for
the purpose of atom type analysis of fuels.””#" It has been shown that this methodology can
identify and precisely quantify discrete atom types by integrating peaks on the 'H spectrum
and assigning with assistance from the HSQC spectrum to identify the atom types.®® A major
gap in the literature, which this work seeks to address, is the absence of property prediction

models trained on pure hydrocarbons using atom type mole fractions as predictors.

2.2 Nuclear Magnetic Resonance Spectroscopy of Complex Hydrocarbon Fuels

Nuclear Magnetic Resonance spectroscopy has become an invaluable tool for parsing the
detailed molecular makeup of complex hydrocarbon fuels.>!: 77- 78 80-110 Early foundational
efforts used '"H and '*C NMR to decompose gasoline and diesel into functional group
distributions. Bansal et al.''! employed 'H NMR alongside HSQC to estimate total aromatic
content in diesel range products, distinguishing between mono-aromatics and polyaromatics.
Subsequent work by Bansal et al.'% applied HSQC and '3C distortionless enhancement by
polarisation transfer (DEPT) techniques to residual fluid catalytic cracking feedstocks,
enabling semi-quantitative evaluation of aromatic content. Burger et al.!% expanded this
“composition-explicit” approach using the Advanced Distillation Curve method: they obtained
distillate fractions from jet fuels, then used 'H and '*C NMR to quantify structural classes (e.g.,
aromatics, linear alkanes) in each fraction, thereby uncovering subtle shifts in branching across
the distillation range. These studies collectively established NMR as a potent technique for

discerning average structural features in fuel samples.

In 2019, Ure et al.’? advanced the methodology with the most rigorous and quantitative
NMR protocol for fuel analysis to date. Their work presented a careful workflow for collecting
fully quantitative 'H and '*C NMR spectra of liquid hydrocarbon fuels, including the choice
of solvent and relaxation delay times to ensure accuracy. The novel technique integrates the
'H spectrum using HSQC spectroscopy to expedite region-specific integrals and resolve

overlapping signals, thereby inferring carbon atom type quantification and assignment without
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using a quantitative carbon spectrum. Validation against reference fuels of known composition
demonstrated that their method could reproduce atom type distributions to within a 3%
uncertainty (excluding overlapping peak effects). Application to CRC Fuels for Advanced
Combustion Engines (FACE) Gasoline A, C, F, and I showed strong agreement with the

1.112 A parity plot comparing the fuels

Detailed Hydrocarbon Analysis reported by Daly et a
examined in both studies is presented in Figure 2, alongside model fuels formulated at Trinity
College Dublin for extremity testing and additional validation. Comparisons of this type are
uncommon for novel methodologies such as the one employed here, because of the need for
measurement of the same sample in both laboratories, and the equipment needed to perform
the experiments. They are further complicated by the requirement for complete molecular

characterisation of the fuel to enable direct comparison with NMR-derived atom types.
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Figure 2. Atom types by 'H 1*C HSQC-NMR vs. Atom Types by Detailed Hydrocarbon
Analysis to examine the fidelity of the NMR methodology. With an R? of 0.996 and a Mean
Difference of 0.41 mol% the methodology has high fidelity to GC-MS methods.

Figure 2 demonstrates that the 'H 3C HSQC NMR spectroscopy method for determining
and quantifying atom types in complex mixtures agrees closely with GC-MS detailed
hydrocarbon analysis, with R? of 0.996 and a mean difference of 0.41 mol%. A more detailed

comparison for FACE A is provided in Table 1, which reports the differences in mol% carbon
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between HSQC-NMR and GC-MS for each atom type, along with the corresponding absolute

deviations. The smallest deviation observed is 1.39 mol% carbon for paraffinic methyl.

Other researchers have produced complementary NMR based analyses tailored to surrogate
formulation and fuel property prediction. For example, Mondal et al.®® developed a rapid 'H
NMR method to estimate paraffins, olefins, naphthenes, aromatic content in narrow-cut
naphtha samples, similar in approach to Ure et al.’s atom-type quantification. Jameel et al.!%®
employed high-resolution 'H NMR to identify and quantify six hydrocarbon functional groups
(various paraffinic CHs, CH2, CH; naphthenic CH—CH; aromatic C—CH) in gasoline,
subsequently using these as inputs to predict key combustion behaviours such as RON, MON,
DCN, and sooting indices with strong accuracy. Jameel et al.”’ earlier demonstrated that
functional group distributions derived from "H NMR could effectively predict ignition quality

(e.g., cetane number) using multilinear regression models.

Table 1. Detailed comparison of atom type carbon fractions in FACE A determined by 'H
13C HSQC NMR spectroscopy and GC-MS, including absolute differences for each atom type.
The smallest difference observed is 1.39 mol% carbon for paraffinic methyl.

FACE A
Atom Types HSQC-NMR ~ GC-Ms  /ibsolute
(mol% C) (mol% C) Difference
(mol% C)

1. CH; 53.11 54.50 1.39

2. CHz 23.87 22.70 1.17
Paraffinic

3.CH 15.32 16.60 1.28

4.C 5.77 4.40 1.37

5. CH; n/a n/a n/a
Olefinic

6. CH n/a n/a n/a

7. cyCHa 0.82 0.80 0.02
Cyclic

8. cyCH 0.41 0.40 0.01

9. CH 0.51 0.50 0.01
Aromatic

10.C 0.10 0.10 0.00

11. CH3 0.10 0.10 0.00

Alpha Aromatic 12. CH» n/a n/a n/a
13. CH n/a n/a n/a
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Polyaromatic 14. Junction n/a n/a n/a

2.3 Validation Data for Model Verification

Validation data is essential for predictive models, as it serves as unseen testing data that
enables verification of a model’s generalisability and provides a means of assessing
performance under limiting conditions. As previously discussed, the models proposed in this
study, those using atom type to predict properties of jet aviation fuel, are inherently constrained
by the availability of validation data. This limitation arises from the absence of literature

addressing atom types using the NMR methodology applied here.

Several approaches can be taken to develop a database of validation data. One option is to
apply blending rules to simulate complex mixtures. Another is to acquire samples with
published experimental values that allow quantification of atom types. Alternatively, surrogate
mixtures can be constructed in which atom types are known and subsequently characterised
through experiment. A further possibility is to obtain samples for which atom types can be
quantified and their properties determined experimentally. The four approaches outlined here

will be examined in detail below.

Blending rules have been extensively investigated in the literature, with particular value
demonstrated in prescreening through GCxGC methodologies.? 1% 1372113 The principle of a
blending rule is to use proportionality or an experimentally derived parameter to estimate how
two or more compounds will mix to produce a new property. For example, density can be
estimated by assuming linear mixing on a volumetric basis, such that molecules with larger
volumes exert a greater influence on the resulting density.!'* This approach is especially
relevant to GCxGC analysis, where compositional information is obtained by identifying
possible compounds in the fuel via mass spectrometry, while mass fractions are quantified
using a splitter and flame ionisation detector. For relatively simple mixtures, this information
is often sufficient to apply blending rules to calculate mixture properties. However, in more
complex cases, particularly due to co-elution of compounds, notably the large number of

isomeric paraffins within the carbon number ranges of interest, accurate molecular
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identification becomes impractical. To address this, the prescreening technique developed at
Washington State University employs a Monte Carlo strategy, in which sets of potential
mixtures are generated using the compositional data from GCxGC. Since the mass fraction of
each isomer class can be determined (for example, 1% is0-C10), the properties of these
candidate mixtures can be calculated and averaged to provide a prescreened result. Blending
rule’s applicability to the present work, however, is less straightforward. By design, blending
rules involve assumptions that introduce error, as they represent a substitution for direct
experimental measurement. As a result, any model trained on properties derived from blending
rules will inevitably accumulate error from multiple sources: experimental uncertainty, the
inherent approximations of the blending rule, and the modelling approach itself. For this
reason, in the present study, calculated properties are used only where absolutely necessary
due to the scarcity of literature data, and only after a critical evaluation of the suitability of the
blending rule in question.!>

115, 116 and is

Experimental data for the properties under study is available in the literature
more favourable than calculated data as the inaccuracies in the calculation methods would be
inherited into the models produced. The main limitation in this case is the lack of compositional
data, which serves as the predictors for the models developed in this study. Some fuels from
the National Renewable Jet Fuel Program had already been sent to Trinity College Dublin,
which enabled the use of real conventional fuels for verification. In addition, further reference
fuels with published experimental data were obtained from Washington State University>, as
well as from the Alternative Jet Fuel Test Database.!!® Where these sources were accessible
and appropriate, this approach provided the most effective verification data, as it required only

compositional analysis rather than complete experimental determination. Each property

considered in this study was verified using this method where possible.

Surrogate mixtures provide another route to obtaining validation data, though they are
accompanied by distinct challenges.!!” Conventional jet fuels consist of thousands of
components, making it necessary to simplify the chemical matrix in order to construct a
representative surrogate. This reduction, while practical, inevitably compromises the chemical

diversity of the mixture. Furthermore, the compounds required to produce surrogates are
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costly, particularly isomeric paraffins, which are difficult to separate in pure form owing to
their similar physical properties and the same co-elution issues discussed earlier. The expense
and complexity of preparing accurate surrogates therefore limit their widespread use.
Nevertheless, when carefully designed, surrogate mixtures can provide a controlled means of
linking atom-type information with measured properties and can therefore contribute useful

validation data in specific cases.

Finally, the most extensive and reliable method of gathering verification data is by acquiring
a sample with enough volume to perform experiments. To this end, Monument Chemical in
Texas, USA was contacted, they provided three samples of Hydrotreated Esters and Fatty
Acids (HEFA), while also a sample of Jet A-1 was acquired from Weston Airport in Leixlip,
Dublin.
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3. Methodology

The basis of the methodology is the assumption that the surface tension, density, viscosity,
DCN, distillation curve and flash point of fuels are principally separately dependent on the
molecular structure of a fuel, which can be measured by NMR, and that this relationship can
be learned by mathematical analysis of an appropriate database of molecular structures for

each property.

3.1 Materials

As this study deals with a novel methodology for the prediction of jet aviation turbine fuel
properties, a number of samples required and were necessary for testing and construction of
these models. The compositional analysis methodology used in this work is currently unique
to Trinity College Dublin in literature meaning that any fuel used for the evaluation of the
models had to be attained and physically measured in the laboratory. In Table 2, a list of the
materials used, and acquired for this study are listed along with their sources. During the

project, I reached out to multiple sources to increase the laboratory stock of fuels in Trinity

College Dublin.
Table 2. Material list of fuels used in the study.

Fuels Source
FACE A Gasoline TCD Laboratory
FACE C Gasoline TCD Laboratory
FACE F Gasoline TCD Laboratory
FACE I Gasoline TCD Laboratory
Jet A-1 (Weston) TCD Laboratory
Jet A POSF 10324 TCD Laboratory
JP-8 POSF 10264 TCD Laboratory
JP-5 POSF 10289 TCD Laboratory
Shell - SPK POSF 5729 TCD Laboratory
HRJ - Camelina POSF 7720 TCD Laboratory
Gevo - ATJ POSF 10151 TCD Laboratory
Sasol - IPK POSF 7629 TCD Laboratory
Gevo POSF 13718 Washington State University
S-8 POSF 5018 Washington State University
Amyris Farnesane POSF 11832 Washington State University
World Energy HEFA Washington State University
MI101 Monument Chemical
M102 Monument Chemical
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‘ M103 ‘ Monument Chemical ‘

The NMR methodology was applied to the real aviation and gasoline fuels available in the
laboratory: the FACE gasolines are part of the CRC Report AVFL-24, Jet A-1 (Weston), Jet-
A POSF 10325, JP-8 POSF 10264 and JP-5 POSF 10289 are all fossil derived aviation fuels,
POSF 5729 Shell Fischer-Tropsch Synthetic Paraffinic Kerosene derived from natural gas,!'®
POSF 7720 Hydrotreated Esters and Fatty Acid (HEFA) derived from Camelina oil,!'® POSF
10151 Gevo Alcohol-to-Jet (ATJ) derived from iso-butanol, and POSF 7629 Sasol-IPK
derived from coal.!'® POSF 13718 Gevo, POSF 5018 S-8, POSF 11932 Amyris Farnesane and
World Energy HEFA are synthetic fuel samples received from Washington State University
which were used in the study by Yang et al.> M101, M102, M103 are renewable diesel HEFA
samples received from Monument Chemical, Texas. Figure 4 shows the assigned 'H *C HSQC

spectrum for a selection of these fuels. The atom types for each fuels are presented in Table 5.

3.2 Nuclear Magnetic Resonance Compositional Analysis

Nuclear magnetic resonance allows for the quantification of atom type mole fractions within
a hydrocarbon mixture by exploiting the magnetic properties of atomic nuclei.?® The atom
types utilized in this study are presented in Figure 3. The method of Ure et al.’® has been
adapted to additionally enable the identification and quantification of aromatic-ring junction
carbon atom types.’! As introduced by Ure et al.®* and further developed in this work, 'H 1*C
HSQC-NMR identifies the unique nuclear and electronic environments associated with each
atomic type within hydrocarbon molecules that constitute typical liquid transportation fuels.
This identification inherently includes the geometrical configurations of each atomic type and

molecular group ensemble.

3.2.1 Atom Types by '"H *C HSQC NMR Spectroscopy

To validate the full atom type compositional analysis procedure, a set of six real fuels with
unknown atom type compositions were analysed. The 'H 3C HSQC NMR spectra for these
real fuels are presented in Figure 4, the untruncated 'H spectra as well as the data of each 'H
spectrum are provided in Figures 5 — 10. HSQC, quantitative 'H, and qualitative 3C NMR
spectra were collected using a Bruker Avance II1 400 NMR spectrometer with the parameters

suggested by Ure et al.%® HSQC spectroscopy produces a two-dimensional NMR spectrum
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wherein the 'H and '3C spectrum are on the x and y axes respectively. The intersection of data
from these two axes, termed a cross-peak, represents a specific C-H bond. Carbon atoms with
an odd number of bonded hydrogen atoms (i.e., paraffinic CH, CHs) have an opposite phase to
carbon atoms with an even number of bonded hydrogen atoms (i.e., paraffinic CH2). Hence, a
phase editing procedure is applied to the data to allow for the quantification and display of
both sets of data on the one spectrum. As the magnitude of the 'H chemical shift is due to the
local bonding environment of the nuclei, it is possible to assign regions of the x-axis (‘H
spectrum) to each atom type. The 'H 3C HSQC spectrum was used to assign spectral regions
for each atom type for each sample. These regions were then integrated in the quantitative 'H
spectrum to determine the atom type composition in mol% hydrogen, which was then used to
calculate the inferred mol% carbon composition using the extended method of Watson-Murphy
et al.>! As mol % carbon is not a familiar term in the field of aviation, a conversion can be
made to convert to mass %. The mol % carbon and mol % hydrogen is calculated from the
various atom types in a sample, then the molecular weight associated with each atom type is
found, and the product of the mol % gives the mass % for each element (hydrogen and carbon).

The sum of these then represents the mass % for the atom type understudy.

) ) L F N
R N
Atom Type w/\/@ /\9/ /\@/ /\$i R ~ R R
Formula ~CH, ~CHy- ~CH< >C< =CH, ~CH= ~CH=(Internal)
Shorthand paraffinic CH; paraffinic CH, paraffinic CH paraffinic C olefinic CH, olefinic CH olefinic CH
. quarternary alkenyl alkenyl alkenyl
IUPAC methyl methylene methine carbon methylene methine methine
R AR /\ ® ) ‘/O 22N /6\
~_ /\@ @/ /\@ % Z = R
Atom Type | T I | 3 L ‘
'\v g \/ v X NN / S
Formula >=CH, =CH,~ (cyclic) ~CH< (cyclic) ~CH= (aromatic) >CH= (aromatic) CgHs—CH3 CeHs—CHy—
Shorthand olefinic CH, cycloparaffinic CH, ycloparaffinic CH aromatic CH aromatic C alpha CH; alpha CH,
JUPAC Ikenvl Lo Ji L lic methin oyl ntern . aromatic alpha aromatic alpha
alkenyl cyclic cyclic methine a quanternary aryl methyl methylene
R
R
- /
e 2O 2O Y O
X N NF X = X “ N P
Formula CoHs—CH< >C= (ring junction) CioHy—H CioH7=CH, CioHy—CHy—
Shorthand alpha CH ring junction C alpha junction H alpha junction CH; alpha junction CH,
aromatic alpha aromatic ring aromatic alpha ring aromatic alpha ring aromatic alpha ring
IUPAC ; R ) - -
methine junction carbon junction hydrogen junction methyl junction methylene

Figure 3. Atom types quantifiable through methodology proposed by Ure et al., and
Watson-Murphy et al.>!- 80
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fuels (Shell-SPK, HRJ-Camelina, Gevo-ATJ, Sasol-IPK) which are used to assign atom types.
These fuels are used to validate the models presented.
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Figure 5. 'H NMR spectrum of Jet-A POSF 10325 with an axis break to allow for the
intensities of the aromatic region (+7 ppm) to be visible.
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Figure 6. 'H NMR spectrum of JP-5 POSF 10289 with an axis break to allow for the
intensities of the aromatic region (+7 ppm) to be visible.
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Figure 7. '"H NMR spectrum of Shell-SPK POSF 5729 with an axis break to allow for the
intensities of the lower paraffinic peaks (<2 ppm) to be visible.

- 7
HRJ-Camelina POSF 7720 2.2x10
- 2.0x107
- 1.8x107
- 1.6x107
—_
)
Na)
— 4x10° >
7
o
8
et
(o]
— 2x10°
L 0
I T T T

Chemical Shift (ppm)

Figure 8. 'H NMR spectrum of HRJ-Camelina POSF 7720 with an axis break to allow for
the shapes of the full paraffinic peaks to be visible.
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Figure 9. 'H NMR spectrum of Gevo-ATJ POSF 10151 with an axis break to allow for the
intensities of the <2 ppm to be visible.
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Figure 10. 'H NMR spectrum of Sasol-IPK POSF 7629 with an axis break to allow for the
intensities of the aromatic region (7+ppm) to be visible.
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3.2.2 NMR Spectrometer Parameters

The NMR spectrometer requires parameter tuning for each adjustable parameter to ensure
that a clear signal which is narrow and distinguishable from noise is attainable. The parameters
listed in Table 3 are adapted from Ure et al.’° The parameters are adjusted for the masses used
for the solvent and solute. Originally, 0.05 g of solute was used, though this caused the signal
to be too small for atom types in lower concentrations, such as aromatics or olefins, it was
found that 0.2 g of solute allowed for maximum signal acquisition without saturation. The
preparation of solutions and the choice of solvents are crucial factors in the NMR analysis.
Solvents must be carefully selected to avoid spectral interference, and the sample-to-solvent
ratio must be optimized to ensure clear and accurate atom type quantification. In this study, a
1:4 ratio of sample to deuterated solvent (0.2 g of sample to 0.8 g of deuterated
dichloromethane) was used. This ratio was found to balance resolution and intensity, avoiding
issues such as decreased peak intensity from excessive solvent or peak overlap from too much
sample. The choice of deuterated dichloromethane was specifically made to minimize
interference with the atom type distribution observed in jet fuels. An additional parameter was
also included, the mass of an internal reference standard which was used to quantify the
hydrogen content of the sample.”! The hydrogen content is used to calculate the H:C ratio
which then allows for the quantification of quaternary carbon and aromatic carbon atom types
which cannot be inferred from a 'H spectrum. The H:C ratio was verified measured using an
Exeter Analytical CE 440 Elemental Analyzer, and is used to deduce the quantity of quaternary
paraffinic carbon present, which do not appear on the spectra due to having no bonded
hydrogens. Although the methodology employed accounts for all atom types described, it does

not consider trace impurities that may be present in the fuel.

These impurities are described in ASTM D4054! to be in a ppm unit basis. However, only
organic impurities (water, carbonyls, alcohols, esters, and phenols) which are directly bonded
to carbon or hydrogen atoms would be detectable in the NMR spectra used in this analysis.
These are not identifiable through the methodology employed and would be included in the

integration for atom types if they are within the range.
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Table 3. Nuclear magnetic resonance spectroscopy parameters for 'H and *C acquisition.

Parameter H NMR 13C NMR
Solvent CD.Cl CDCl;
Mass solvent (g) 0.98 0.98
Mass solute (g) 0.02 0.02
Mass standard (g) 0.0015 -
Concentration Cr(acac); (M) 0 0.05
Field strength (MHz) 400 101
Flip angle (°) 90 90
Acquisition time (s) 4 1.4
Delay time (s) 60 10
Time domain points (x10%) 64 64
Sweep width (Hz) 8012 24038
Dwell time (us) 62.4 20.8
Number of scans 16 3200
Line broadening (Hz) 0.3 1

Field strength is determined by the spectrometer being used and is tuned for the strength of
the magnetic field for a proton nuclei. Flip angle, acquisition time, delay time, time domain
points, sweep width and dwell time are carefully selected by the spectrometer specialist Dr.
John O’Brien to ensure a clear and clean spectrum. The number of scans is an adjustable

parameter which can decrease the signal to noise ratio in a square root proportion.
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3.3 Predictive Modelling Development

There are three technical conditions that must be met when employing machine learning for
this purpose: (1) the atom types which most significantly contribute to each property must be
identifiable through the 'H 3C HSQC NMR spectrum of the real fuel requiring analysis, (2)
there must be property data for pure components and/or hydrocarbon mixtures of sufficient
quality and quantity to train the numerical model, (3) the resulting operating equation must be
concise and only contain statistically significant parameters. This approach enhances our
understanding of the importance of, and interactions between, atom types, the molecules they
comprise, and the “physical” properties they define. Therefore, a simpler model (i.e. MLR)

will be favoured over a more complex model (i.e. nonlinear regression, neural networks).

3.3.1 Data Sources and Preprocessing

To train the models, a database of experimental measurements was collected from the
literature for both pure components and their mixtures for each property. The pure components
atom types mole fractions were calculated based on their structure, and the mixtures were linear
by mole calculations of the pure constituents. Where possible, the pure components were
chosen to replicate the composition conventional jet aviation fuel as shown in Figure 11 from
the National Alternative Jet Fuel Database.!!® This means that the carbon numbers range from
6 — 18 in chain length (i.e. n-hexane — n-octadecane). Additionally, the inclusion of
cycloparaffins, iso-paraffins and aromatic components, as they each make up a large portion
of jet fuel composition. For surface tension and density, 2,501 data points were compiled,
consisting of normal paraffins, iso-paraffins, cycloparaffins, aromatics, and binary mixtures of
these classes. Statistical descriptors including minimum, maximum, mean, and standard
deviation for surface tension, density, temperature, and each atom type are provided in Table
4. Surface tension and density can be assumed, based on experimental measurements, to vary
linearly with temperature over restricted ranges. Accordingly, only data at least 50 K below
the boiling point of each component were included in the dataset. Discrete datasets were
prepared for each property: the density dataset contained 1,241 points and the surface tension
dataset contained 1,260 points. Each dataset was divided into a single random 80:20 split for
training and testing. Figure 12 and 13 show this linearity within the temperature constraints for

n-heptane surface tension and conventional aviation fuel density.
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Figure 11. GCxGC-MS weight % against carbon number distribution for Jet A POSF
10325. This graph adapted from data acquired from the National Alternative Jet Fuel

Table 4. Training and testing statistical data for temperature dependent surface tension and
density datasets of 1,260 and 1,241 values respectively.

Surface Tension Density

Descriptor Min Mean Max IS)tx;;l:;:;(Iil Descriptor Min Mean Max ls)t;Iil:ZZﬂ
Temperature 263.15 31136  363.15 21.35 Temperature ~ 263.55 310.37 363.15 20.53
pCH3 0.00 0.21 0.71 0.20 pCH3 0.00 0.22 0.75 0.19
pCH2 0.00 0.22 0.83 0.28 pCH2 0.00 0.33 0.88 0.32
pCH 0.00 0.03 0.38 0.07 pCH 0.00 0.03 0.25 0.06
pC 0.00 0.02 0.14 0.04 pC 0.00 0.02 0.13 0.03
cyCH2 0.00 0.17 1.00 0.31 cyCH2 0.00 0.21 1.00 0.34
cyCH 0.00 0.01 0.17 0.03 cyCH 0.00 0.01 0.14 0.03
alCH3 0.00 0.04 0.33 0.09 alCH3 0.00 0.01 0.25 0.05
alCH2 0.00 0.01 0.13 0.03 alCH2 0.00 0.00 0.13 0.01
alCH 0.00 0.00 0.11 0.02 alCH 0.00 0.00 0.11 0.01
ArCH 0.00 0.25 1.00 0.34 ArCH 0.00 0.15 1.00 0.30
ArC 0.00 0.05 0.33 0.09 ArC 0.00 0.02 0.25 0.05
jC 0.00 0.00 0.20 0.02 jC 0.00 0.00 0.20 0.01
Surface 808 2198  40.78 4.67 Densit 52726 73550 993.41 66.83

Tension y
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Figure 12. Surface tension temperature-dependence of n-heptane over a large range of
temperature. This shows that until we near the phase boundary the surface tension temperature
dependence can be assumed to be linear. n-Heptane was chosen as an extremal example here
as most components in jet fuel are higher in carbon number than C7, which means they have
higher boiling points and therefore less deviation from linearity at the highest relevant
temperatures. The data presented in the figure is from NIST Thermodynamic Data for Pure

Compounds.'*
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Figure 13. Experimental density temperature-dependence of Jet-A POSF 10325 and JP-5
POSF 10289. This plot shows that the temperature dependences of fuel density for these real

jet fuels is essentially linear over the temperature range considered. The data present in the

figure is from Edwards et al.!'
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The flash point dataset is composed of data from the DIPPR (Design Institute for Physical
Properties) database from American Institute of Chemical Engineers (AIChE)'?° for pure
component and data from literature for mixture measurements.'?! This dataset has 184 flash
points, this is notably smaller than both density and surface tension. The reason for this is due
to the non-temperature dependent nature of flash point. Meaning, that for a pure component or
mixture there is only one flash point available, but for surface tension there is a different

surface tension at each temperature change.

Distillation curve is a property of mixtures, as for a pure component there is one temperature
at which it distils i.e. boiling point. This means that the dataset is composed only of mixtures.
These mixtures are taken from Yang et al.’> where a comprehensive database of fuel distillation
curves are listed. The samples used in the study were requested so the atom types could be
quantified allowing the data to be used in the model training. There are mixtures of the fuels
used in the study, which was calculated using a linear by mole equation. The dataset is

composed of 1,074 measurements at different temperatures of the fuel.

For the training of the DCN model, experimental values were gathered from studies
employing an ignition quality tester. In total 405 derive cetane numbers are in the dataset, these
data points are wholly mixtures as pure components were found to be destructive to the model,
this is due to the use of different measurement techniques and the intermolecular interactions

which are crucial to the derived cetane number.* 40:44. 45, 47. 81,85, 108, 117, 122,123

The viscosity dataset is composed of temperature dependent data from the DIPPR
Database.!?’ The experimental results for pure components were measuring dynamic viscosity,
though the model is attempting to predict kinematic viscosity. The conversion is simple and
requires the density at the measurement temperature, then the ratio of the dynamic viscosity
and density gives the kinematic viscosity. The density for the pure components considered in
this database were also gathered from DIPPR. It was found that just the pure component
database was not sufficient for the construction of the model, to this end, measurements for
kinematic viscosity were performed in Trinity College Dublin on jet fuel and pure component

mixtures to populate the dataset. In total, the kinematic viscosity dataset has 1,373 data points.
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Through training the model on the pure components an unsatisfactory model was produced in

terms of model fidelity and performance. Thus, experimental measurements of real and

surrogate jet fuel was added to the database, then using mixing rules to calculate surrogate

mixtures and random mixtures of pure components and jet fuel. The following mixing rule was

used, through an investigation by Boehm et al.!!* The equation was a linear by mole calculation
Veuer = (X|7)

where X is the mole fraction of each component, and v is the kinematic viscosity of each

component.

3.3.2 Machine Learning Techniques

MLR models were produced using operating equations of the form,

N
y = Qy + Z AnXn
n=1

where ao is the intercept, an are the coefficients learned for each independent variable, x, are
the atom type mole fractions or temperature, and the dependent variable, y. Individual models
for temperature dependent liquid density, temperature dependent surface tension were then

trained using the Linear Regression module from the SciKit Learn Python package.!?*

Independent variables were evaluated using the p-value of each coefficient, and backward
selection was applied to remove atom types with p-values above 0.05. Models were retrained
iteratively until the coefficient of determination decreased below 0.95. Ridge regression was
employed to improve model stability, penalising excessive coefficient magnitudes and
reducing the risk of overfitting. The resulting models, presented in Figures 4 and 5 and Table
1, achieved the highest determination coefficients while retaining only statistically significant

atom types.

Where MLR did not achieve sufficient accuracy (R? above 0.95) and the dataset could not
be expanded, more complex techniques were introduced. Polynomial regression was employed
next, incorporating squared terms and cross-product terms between atom types to capture non-

linear interactions. The general operating equation was
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atom types atom types atom types atom types

y=ay+ z a;x; + z bix? + z z Ci jXiX;
i=1 =1

i=1 i=1

where a is the intercept, a; are the coefficients learned for each independent variable, b;
are the coefficients learned for the square of each independent variable, c; are the coefficients
learned for the product of a variable with another variable, x,, are the atom type mole fractions
or temperature, and the dependent variable is y. Polynomial regression extends multilinear
regression by including non-linear terms that allow the model to capture interactions between
variables and curvature in the data that linear models cannot represent. In binomial regression,
each independent variable contributes both a linear and a squared term, and pairwise
combinations of variables are included to describe potential interaction effects. These additions
increase the model’s flexibility and its ability to reproduce more complex relationships
between atom types and physical properties. In this study, i has the range [1, 19] and j has
range [1, 18] from the atom types available in Figure 3, this means that without statistical

reduction the full binomial model would have 210 coefficients.

Although higher-order expansions are theoretically possible, the number of terms increases
exponentially, which leads to overfitting and numerical instability, particularly when the
dataset is limited. For this reason, only binomial models were investigated in this study. The
significance of each term was assessed using p-value analysis, and non-significant terms were
progressively removed through systematic reduction until the model retained only statistically
meaningful predictors. Individual models for flash point, viscosity, and distillation curve were
then developed using the Polynomial Regression module from the SciKit Learn Python

package.!?*

The next step in model architecture complexity is the random forest regressor, an ensemble
of decision trees that learn regression rules from the dataset. A decision tree can be understood
as a structure composed of nodes with branching conditions; at each branch a split is made
depending on whether the input satisfies a specified criterion. The algorithm evaluates all
available features and possible split thresholds, and the split chosen is the one that minimises

the mean square error
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R RS AL
For each node, the dataset is partitioned into left and right branches, and the process repeats
until the tree is complete. In a random forest, only a subset of features is assigned to each tree,
which ensures diversity among the trees and prevents over-reliance on a single feature. The
ensemble prediction is then obtained by averaging across the individual decision trees. Figure
14 shows a decision tree in a random forest, and how it can vary based on its initial architecture

rules.

PCH2 <= 0.789
squared_error = 0.673
samples = 451
value = 0.567

True False

pPCH3 <= 0.211
squared_error = 0.256
samples = 416
value = 0.393

pCH2 <= 0.871
squared_error = 1.149
samples = 35
value = 2.542

N

pCH2 <= 0.317
squared_error = 0.0
samples = 202
value = 0.002

pCH2 <= 0.211
squared_error = 0.217
samples = 214
value = 0.763

N

N

log Temperature <= 1.004
squared_error = 0.548
samples = 25
value = 2.044

N

log Temperature <= 1.003
squared_error = 0.424
samples = 10
value = 3.819

/N

/
o o 1 B TR T R 1

Figure 14. Example of a decision tree as part of a random forest, showing the first three
layers of decisions for a model on kinematic viscosity.

In practice, a simplified one-layer decision tree can be thought of as a sorting mechanism,
whereas deeper trees sort across multiple parameters to reach a final prediction. The predictive
range of such models is inherently limited by the data on which they are trained, which
constrains their generalisability. For this reason, reliable performance requires that the training
dataset adequately spans the relevant composition and property space. In this study, random
forest regressors were applied to viscosity and distillation curve data using the Random Forest

Regressor module from the SciKit Learn Python package.!?*

Finally, the most complex model architecture investigated in this study are ANNs. Neural
networks are considered black box models, as their internal decision processes cannot be easily
or directly interpreted. Although the relative importance of individual features can be
evaluated, the precise mechanism by which these features interact to influence the prediction

is not accessible. For this reason, ANNs sacrifice interpretability in exchange for predictive
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power and flexibility. They were therefore employed only in cases where simpler models such
as multilinear regression, polynomial regression, or random forest regressors could not provide
sufficient accuracy due to the limited information available in the training dataset. The
performance of an ANN depends strongly on the network architecture. Key parameters include
the number of hidden layers, the number of neurons per layer, the activation functions, and the
choice of optimisation algorithm, an example simplified ANN is shown in Figure 15. The
balance between network depth and dataset size is particularly important, as overly complex
architectures can lead to overfitting, while overly simple architectures may fail to capture the
necessary relationships. Considerable time is often required to refine the network architecture
to achieve stability and accuracy. To streamline this process, the H20 AutoML Python
package!?® was used, which automates hyperparameter tuning and architecture selection. A
grid search procedure was implemented within a prescribed time frame, during which the
algorithm explored multiple network configurations and selected the model with the highest
fidelity to unseen test data. This ensured that model complexity was increased only as needed,

while avoiding overfitting through systematic cross-validation.

Input layer Output Layer
Hidden Layers

\
\

7 AN
X ’/ O N\ //O N
- \ / \/ \\\
/\ /‘\\ P
<7 \ / N\ S
TS\ /N //
/ \ /
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Figure 15. Example of an artificial neural network model architecture.

In this study, ANN models were trained for viscosity prediction. Their use was restricted to
this property as it presented the greatest challenge for the simpler regression-based approaches,
and the ANN framework offered the flexibility required to capture the complex, non-linear

dependencies present in the datasets.
3.3.3 Validation and Performance Metrics

Model validation was carried out using multiple statistical criteria. The p-value of each

coefficient was examined to ensure that only atom types with a statistically significant
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influence were retained. Model accuracy was quantified using the mean absolute percentage
error (MAPE) and the coefficient of determination (R?). Models with R? values above 0.95 and

low MAPE were considered sufficiently reliable for predictive purposes.

Unseen test data, representing 20% of each dataset, were used to confirm that the models
generalised beyond the training set. Performance on the test data was compared directly with

training performance to detect overfitting.

Finally, verification was extended to real fuels. Experimental property data from the
National Renewable Jet Fuel Program,!!¢ Washington State University,> !> and the Alternative
Jet Fuel Database!'!® were compared with predictions based on NMR-derived atom type
distributions. This validation step provided an assessment of model performance in conditions

representative of real jet fuels, beyond the simplified mixtures available in the training datasets.

3.4 Experimental Techniques for Populating Kinematic Viscosity Dataset

To facilitate the training and validation of the kinematic viscosity model, experiments were
performed on a selection of the fuel samples available in the laboratory at Trinity College
Dublin. The experiments were performed on the Anton Paar SVM 3001 Cold Properties
Kinematic Viscometer at the SAFLAB in SMBC Aviation Capital HQ. To validate the
measurements of the device 99.9% purity Toluene from Fischer Scientific was used and

compared against the DIPPR database value.!?°
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4. Results and Discussion

The temperature-dependent liquid density (p), temperature dependent surface tension (o),
and DCN regression model coefficients, are provided in Figures 23, 24, 28. Flash point was
found to need a non-linear model, thus there is an extensive number of coefficients which are
provided in appendix 1. The distillation curve model uses random forest regressor, the model
architecture can be found in Table 6. Kinematic viscosity was developed using an ANN and
the model architectures are shown in Table 7. A notable result is that the best-performing
models for both liquid density and surface tension utilize the same set of atom types as
independent variables, indicating that these atom types are fundamentally influential for both
properties. The derived cetane number MLR model contains only four terms which are known

to contribute strongly to ignition quality.!!”

The p-values of all variables are below 0.01,
underscoring the strong influence of each atom type within the predictive equations. This

observation was rigorously interrogated and confirmed to be valid.

The predictive performance of each model was then assessed by evaluation against two
discrete databases; (1) the training and testing dataset discussed previously comprised of pure
components and pure component mixtures from the literature; and (2) the reference real fuels

available at Trinity College Dublin as outlined above.

4.1 Atom Type Composition

To evaluate model performance against (2), atom type data is needed. The results of the 'H
13C HSQC NMR assignment are provided in Table 5 in mol % carbon and graphically in Figure
16 and 17 displayed in mass % to show the difference in each unitary representation, which
we propose as a useful way to simplify complex fuel compositions, allowing for a visual
inspection of “what a fuel looks like”. The conventional fossil aviation fuels such as Jet-A
POSF 10325 and JP-5 POSF 10289 have similar atom type distributions with a large quantity
of paraffinic atom types, and a notable fraction of aromatic and cycloparaffinic types. The
synthetic aviation fuels have a similarly large quantity of paraffinic atom types, but do not

contain as high levels of aromatics, and strikingly no cycloparaffins for Shell-SPK POSF 5729.
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The NJFCP fuels were included in the publication regarding the temperature dependent
surface tension and density models.!?¢ Further NMR atom type quantification work on real
conventional and synthetic aviation turbine fuel was done proceeding that work. Four real fuel
samples were acquired from Washing State University, the samples were studied in the
publication regarding distillation curve evaluation of ASTM D86 and D2887.° The four fuels
were Gevo POSF 13718, S-8 POSF 5018, Amyris Farnesane POSF 11832, and World Energy
HEFA H101. The atom type quantification is shown in Figure 17, a format which was
developed for the presentation at the International Conference of Sustainable Avaition
Research (ICSAR) to allow a synthetic aviation turbine fuel to be assessed in comparison with
a conventional jet aviation turbine fuel such as Jet A POSF 10325 while being able to see the
atom type mass % values. These SAFs show typical characteristics with high mass fractions
of paraffinic atom types and virtually no other atom type. There are small concentrations of

aromatic componets but none in quantities greater than 0.14 mass %.
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Table 5. Atom type compositions determined using 'H !> HSQC and quantitative "H NMR spectroscopy for real synthetic and
fossil aviation fuels. The rows represent the composition of the fuel as described through atom types.

Atom Type Mol % Carbon

Fuel Sample POSF | pCH; | pCH2 | pCH | pC | oCH: | oCH | cyCH: | ¢cyCH | alCH3 | alCH: | alCH |ArCH| ArC | rjC | ajH | ajCH3 | ajCH2
g‘zgfni - 530123871532 577 | 0.00 | 0.00 | 0.82 | 041 | 0.10 | 0.00 | 0.00 | 0.51 | 0.10 | 0.00 | 0.00 | 0.00 | 0.00
FACE C
Gasoline - 1522712613 | 13.61 | 480 | 0.00 | 0.00 | 0.00 | 0.00 | 1.03 | 031 | 0.00 | 0.52 | 1.34 | 0.00 | 0.00 | 0.00 | 0.00
FACE F
Gasoline - 1404419221013 ] 679 | 1.41 | 1.41 | 1074 | 0.00 | 2.16 | 0.19 | 0.00 | 5.18 | 2.34 | 0.00 | 0.00 | 0.00 | 0.00
2‘:;]151;6 - | 4446|3361 | 1224 | 465 | 101 | 1.01| 182 | 071 | 000 | 0.00 | 0.00| 051 | 0.00|0.00 |000| 000 | 0.00
Jet A-1 - 225414892 984 | 0.00 | 0.00 | 0.00 | 1.53 | 0.66 | 3.03 | 1.46 | 023 | 6.76 | 472 | 0.31 | 0.42 | 0.06 | 0.12
(Weston)
{%‘;POSF 10325 | 20.34 | 44.09 | 597 | 1.33 | 0.00 | 0.00 | 12.54 | 454 | 297 | 1.79 | 039 | 0.54 | 5.14 | 0.37 | 0.46 | 0.18 | 0.10
JP-8 POSF
L0264 10264 | 24.62 | 54.61 | 7.43 | 0.76 | 0.00 | 0.00 | 1.39 | 0.00 | 232 | 063 | 0.18 | 4.65 | 3.12 | 0.28 | 0.45 | 0.06 | 0.05
JP-5 POSF
10589 10289 | 23.99 | 42.21 | 838 | 2.69 | 0.00 | 0.00 | 2.50 | 3.69 | 2.79 | 2.05 | 0.00 | 6.40 | 4.84 | 0.47 | 0.60 | 0.17 | 0.18
Shell - SPK

5729 | 27.11 | 6530 | 5.83 | 1.64 | 0.00 | 0.00 | 0.00 | 0.00 | 0.03 | 0.00 | 0.00 | 0.06 | 0.03 | 0.00 | 0.00 | 0.00 | 0.00
POSF 5729
HRJ - Camelina | 056 | 59 64 | 6030 | 871 | 1.17 | 0.00 | 0.00 | 0.00 | 0.00 | 0.03 | 0.01 | 0.00 | 0.09 | 0.05| 0.00 | 0.00 | 0.00 | 0.00
POSF 7720
Gevo - ATJ
POSE 10151 10151 | 58.46 | 17.02 | 10.09 | 14.29 | 0.05 | 0.00 | 0.00 | 0.00 | 0.01 | 0.00 | 0.02 | 0.02 | 0.03 | 0.00 | 0.00 | 0.00 | 0.00
Sasol - IPK 7629 | 48.68 | 27.17 | 17.57 | 5.69 | 0.02 | 0.01 | 0.00 | 0.00 | 0.21 | 0.07 | 0.03 | 022 | 0.32 | 0.01 | 0.02 | 0.00 | 0.00
POSE 7620 . . . . . . . . . . . . . . . . .
?367VIOSPOSF 13718 | 56.86 | 17.90 | 8.63 | 16.61 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
S-8 POSF 5018 | 5018 | 25.95 | 66.47 | 5.87 | 1.42 | 0.00 | 0.00 | 0.00 | 0.00 | 0.05 | 0.05 | 0.00 | 0.09 | 0.10 | 0.00 | 0.00 | 0.00 | 0.00
Amyris
Farnesane POSF| 11832 | 29.22 | 42.00 | 12.41 | 16.09 | 0.00 | 0.00 | 0.00 | 0.00 | 0.13 | 0.00 | 0.00 | 0.02 | 0.13 | 0.00 | 0.01 | 0.00 | 0.00
11832
ggﬁiEn“gy HI01 |29.12 | 6243 | 7.99 | 023 | 0.00 | 0.00 | 0.00 | 0.00 | 0.07 | 0.00 | 0.00 | 0.10 | 0.07 | 0.00 | 0.00 | 0.00 | 0.00
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Figure 16. Atom type mole fraction on a log-radar plot for select fossil aviation fuels and
synthetic aviation fuels, showing considerable compositional differences. The axis represents
the mass fraction of each atom type in the sample.
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Figure 17. Atom type mass fractions of Gevo POSF 13718, S-8 POSF 5018, Amyris
Farnesane POSF 11832, and World Energy HEFA H101 on a bar chart log plot with Jet A
POSF 10325 for direct comparison with a conventional aviation turbine fuel.

4.2. Predictive Models

The following figures are the complete construction of the surface tension model, showing
how each molecular class was added systematically and the operating equation evaluation.
This full discussion was absent from the publication on the model due to length restrictions. !
Following this, each model is presented in its final form, though the same careful evaluation

has been done for each in the exact same manner.

Normal paraffins are the simplest pure component hydrocarbons so represent the ideal
hydrocarbon class to begin the model construction. The longest equation of state with
temperature and the atom types which can exist in a normal paraffin includes on three
coefficients: temperature, paraffinic methyl and paraffinic methylene. This is shown on the left

graph in Figure 18. Only unseen testing data (i.e. 20% of the entire dataset) is shown in the
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figure to show the models can handle unseen cases and for ease of viewing. By using the unit
of mole fraction or mass fraction the parameter inherently captures information about the other
parameters, in other words, they are multicollinear. Though this works to the advantage of a
simple model, especially with two atom types as, one atom type contains the information of

both of them. The equation for calculating the mole fraction shows this mol % C of pCH; =

number of pCHsz

clearly. Therefore, it was found that paraffinic methylene could be
number of pCH3+pCH,

completely removed with no change in model performance. The model performance is

acceptable with an R?>=0.993 for unseen testing data and a MAPE of 0.63%.

mN mN
o [W] =ay+a,T + apCH; + azpCH, o [7] =ay+aT +a,pCH;

I n-paraffin I -paraffin

45

45 1 split:

80% Training Data (full)
71 20% Unseen Testing Data (hollow)
Datapoints: 212

R%,, = 0.996, R2 = 0.993
MAPE = 0.63%

Split:

80% Training Data (full)

401 20% Unseen Testing Data (hollow)
Datapoints: 212

R2,.,=0.996, R% = 0.993

MAPE = 0.63%

S
=

W
by
1

354

w

0+ 30

100%

)
G
1

W
=
1

Composition of Training Data

B p-paraffin
Parity Line
—ASTM D1331
Experimental
54 Reproducibility

o
L

B p-paraffin
Parity Line
—]ASTM D1331
Experimental
Reproducibility

T T T T T T T T T T T T T T T T T T
5 10 15 20 25 30 35 40 45 5 10 15 20 25 30 35 40 45

Predicted Surface Tension (mN/m)
Composition of Training Data
Predicted Surface Tension (mN/m)

>
|

w
1

Actual Surface Tension (mN/m) Actual Surface Tension (mN/m)

Figure 18. Temperature dependent surface tension, predicted surface tension versus actual
surface tension with an 80:20 split in training (unseen data, hollow symbols) and testing (seen
data, full symbols) data respectively for normal paraffins.

Branched paraffinic molecules (isomers) are the next step in hydrocarbon complexity as
four atom types can be present: paraffinic methyl, paraffinic methylene, paraffinic methine,
paraffinic quaternary carbon. In Figure 19, the left graph shows the unseen testing data for the
full model considered for iso-paraffins. The R? has decreased slightly from the n-paraffins
studied and there are less datapoints presents as iso-paraffins are less studied in literature. In
the right-hand side graph, the combined dataset of n-paraffins and iso-paraffins has been used
to train the model and term reduction was applied. It was found that to accurately predict
normal and isomeric paraffins paraffinic methylene was not required. The R? with n-paraffins

included increases to 0.981.
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Figure 19. Temperature dependent surface tension, predicted surface tension versus actual
surface tension with an 80:20 split in training (unseen data, hollow symbols) and testing (seen
data, full symbols) data respectively for iso-paraffins and normal paraffins.

Cycloparaffins, and branched cycloparaffins were considered next in the model
development. Cycloparaffins are rings of carbons, unlike aromatics they are not limited to 6
carbons in the ring. Of the cycloparaffinic structures considered the atom types that are present
are: paraffinic methyl, paraffinic methylene, paraffinic methine, quaternary carbon, cyclic
methylene and cyclic methine. Literature data for cycloparaffins is scarce and centres around
cyclohexane and substituted cyclohexane. In Figure 20, the left graph shows only
cycloparaffins modelled. The model maintains high accuracy (R*>0.95) despite the increased
complexity of the molecules in the training set. This acts as a validation that the methodology
and the modelling approach is valid and generalisable. In fact, this claim has further support
when the datasets for normal, iso, and cyclo paraffins are combined and when used to train a
model it was found that the model maintains high fidelity and a low error as shown in the graph

on the right.

It was found during the reduction of terms that both cyclic methylene and cyclic methine
were required for the accurate prediction of cycloparaffins and cycloparaftinic isomers. This
follows the information which is provided by each atom type logically. Cyclic methylene
captures the carbons in the ring which are only connected to another cyclic atom type. This

means it acts as a proxy for molecule size, i.e. the larger the mole fraction of cyclic methylene
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the larger the ring. Though this information is saturated when dealing with a pure
cycloparaffin, such as cyclopentane, cyclohexane, cycloheptane would all have only cyclic
methylene meaning the information about the ring size is lost, this is inherently in the molecule
shape as it is composed of only one atom type in a pure state. Though, when an isomer is
studied, cyclic methylene shows information on the ring size, and cyclic methine shows
information on the branching which is statistically significant, which explains why both atom

types are needed in the operating equation on the right side of the figure.
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Figure 20. Temperature dependent surface tension, predicted surface tension versus actual
surface tension with an 80:20 split in training (unseen data, hollow symbols) and testing (seen
data, full symbols) data respectively for cycloparaffins, iso-paraffins and normal paraffins.

The last pure component hydrocarbon class to model are aromatics, which are composed of
a benzene ring (6 carbons) and can have branched structures. Due to the deshielding nature the
benzene ring has in NMR spectroscopy, it is possible to distinguish alpha atom types (nuclei
one bond from an aromatic ring) from the paraffinic atom types. It is noted, that nuclei further
on a branch from an aromatic ring can be identified in 'H spectroscopy, due to overlapping
peaks from the number of components in a fuel only the alpha nuclei were identifiable in this
study, all other nuclei in the branch were treated as paraffinic atom types. The atom types
which are considered for aromatic molecules are: paraffinic methyl, paraffinic methylene,
paraffinic methine, quaternary carbon, alpha methyl, alpha methylene, alpha methine, aromatic
methine, aromatic quaternary carbon, ring junction carbon. In Figure 21, on the left graph and

equation, the model performs sufficiently well with an R? of 0.984 for unseen testing data, the
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surface tension are noted to be to a higher value than the other classes, this is due to both
molecular weight increases, and more uniform linear stacking in intermolecular distributions.
Though, on the addition of the aromatic experimental data to the training dataset of the
previously discussed hydrocarbon classes the model lost sufficient fidelity with an R?>=0.928
for unseen data. This decrease in prediction accuracy is seen in the right graph in Figure 21,
where the tight range of predictions around the parity line broadened indicating a decrease in
fidelity and model accuracy, as seen in the difference in the MAPE. This was an unseen
problem as the addition of previous hydrocarbon classes did not warrant such an effect. It was
found through term reduction that though six aromatic atom types were used in the original
training, only two were statistically significant for the combine dataset model. Meaning, that
regardless of if the four other atom types available were added the effect on fidelity was
negligible. The two aromatic atom types are aromatic methine and the ring junction carbon,
the former and indication of the level of substitution and the latter on ring size, i.e. whether
naphthalene was present. The ring junction carbon is important as the unseen testing data which
can be seen at 40 mN/m, by far the highest surface tension of the pure components is from

these diaromatic components, 1-methylnapthtalene specifically.
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Figure 21. Temperature dependent surface tension, predicted surface tension versus actual
surface tension with an 80:20 split in training (unseen data, hollow symbols) and testing (seen
data, full symbols) data respectively for aromatics, cycloparaffins, iso-paraffins and normal
paraffins.
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The decrease in model fidelity when aromatics were trained with the normal paraffins, iso-
paraffins and cycloparaffins revealed a characteristic of aromatic components. The substituents
(any branch group from an aromatic) did not significantly contribute to the property when
compared with the benzene ring. If it were possible to identify and quantify each atom type
which is part of a substituted group then these contributions would be usable in the model. But
this is not the case, and what happened instead was the relationship for paraffinic methyl,
methylene, methine and quaternary carbon were being influenced by the substituted aromatics
being trained. The aromatics compounds can be seen to have a higher surface tension than
normal and iso-paraffins. The paraffinic coefficients are artificially raised by characteristics
caused by the aromatic ring not the paraffinic substituents. This hypothesis required testing as
it was a novel proposition which was not discussed in literature. There are two methods by
which it could be tested; 1. Use substituent specific atom types in the operating equation, 2.
Only train aromatic data on aromatic atom types. Method 1 is not possible with the current
NMR methodology which does not allow for the quantification of atom types past the alpha
atom and instead parses these atom types as paraffinic. This is because the resonance shift in
the NMR spectrum overlaps with the paraffinic atom types as the deshielding effects of the

aromatic ring do not extend along the bond past the alpha bond.

Method 2 is achievable as it involves only changing the way the aromatics are used in
training the model. For each hydrocarbon class all of the statistically significant atom types are
used in training, so for aromatics all seven atom types are used to train the model. Method 2
proposes that only aromatic atom types should train the model to aromatic components.
Therefore, using this method, only aromatic methine and ring junction carbon mol % carbons
would be used to train aromatic atom types. Then the relationship/coefficients for paraffinic
atom types (which are still present in the aromatic compounds) are trained from normal and
iso-paraffinic compounds. In summary, the paraffinic atom types are trained by normal and
iso-paraffinic compounds, the cyclic atom types are trained by cyclic compounds, and the
aromatic atom types are trained by aromatic compounds. Then the relations are applied to any
compound or mixture regardless of what class they are. This means the most relevant class
determines the contribution for the atom type it is associated with, this methodology was called

group additivity firewall, as it stops the undue influence on coefficients from properties which
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are not due to that atom type. The results of this are shown in Figure 22 where it can be seen
that this hypothesis was confirmed. The model retains fidelity when aromatics are introduced
to the training dataset with the other hydrocarbon classes when the atom types are screened

and only aromatic types are allow to contribute.
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Figure 22. Temperature dependent surface tension, predicted surface tension versus actual
surface tension for unseen testing data respectively for aromatics, cycloparaffins, iso-paraffins
and normal paraffins using group atom type firewall methodologies.

o [mN/m] = 61.9 — 0.1T — 36.7pCHs; + 30.2pCH + 58.2pC — 6.3cyCH, + 14.4cyCH — 2.8ArCH
+49.97jC
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Figure 23. Temperature dependent surface tension, predicted surface tension versus
actual surface tension for training and unseen testing data, showing the model has high
fidelity for training and testing case.

The final addition to the training dataset was mixtures of pure components. This was used

to populate the training dataset with mixtures where the atom types were calculated on a linear
by mol basis in proportion with each compound. In Figure 23, the final model for surface
tension is shown, training on the left and testing on the right. Both have the same R? of 0.983
this shows that the model is not overfitted to the training data as it maintains the same fidelity
to unseen testing data. The ASTM D1331 shows the reproducibility limit for experimental
measurements using a Du Nouy ring tensiometer. The predictive capability of the model is

within these limits showing it is applicable to the prescreening application.

The full training methodology for the density model is not discussed, it follows the exact
same path as the surface tension model. The progressive addition of hydrocarbon classes with
the statistical reduction of the operating equation revealed the optimum model included the
same atom types as the surface tension model. The density model is shown in Figure 24, the
training on the left, and testing on the right. Again, as with the surface tension model, the R?
was 0.996 for both testing and training showing the training data had not been overfit. The
density dataset spanned a large range of 540 kg/m? to 995 kg/m?® which is well outside the
minimum and maximum range permissible for an aviation turbine fuel from the CRC
Handbook of Aviation Fuel Properties. The predictive model has a mean average percentage
error of 0.46% for the unseen testing data which shows its accuracy and applicability to

prescreening.
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Figure 24. Temperature dependent liquid density, predicted surface tension versus actual
liquid density for training and unseen testing data, showing the model has high fidelity for
training and testing case.

In Figure 25, the flash point model is shown. The same linear regression procedure from
the surface tension model development was followed. Though it was found that it was not
appropriate for flash point which is an intrinsically more complicated property due to its close
relationship to initial boiling point. A binomial non-linear regression model was found to be
accurate for the prediction of flash point of pure components. The models have a training R?
0f 0.982 and a testing R? of 0.980, there is a small discrepancy which is not unexpected for a
non-linear regression model as it is inherently more likely to overfit to the training data due to
the increased number of predictors. This is subjugated by statistical analysis of the predictors,
p-values were used to reduce the dimensionality of the coefficients so that only statistically
significant values (p-value < 0.05) were included. This technique means that 21 parameters are
used. It is noted that the training dataset (184 datapoints) is only 12% that of surface tension
and density, 1,260 and 1,241 datapoints respectively. This is due to there only being a single
flash point datapoint per compound, where surface tension and density are temperature
dependent, meaning that one compound can have multiple data points. The flash point model
is therefore more compositionally diverse, despite it having a lower number of datapoints over
all. The testing data is composed of only mixtures as the limited number of pure component
flash points were need to train the model, the mixtures are pure component in either binary or

tertiary mixing configurations. The standard ASTM test method for flash point is D51 closed
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cup tester, which has an experimental reproducibility within 3 °C for measurements near that
of a jet fuel (~41 °C), therefore, the model’s mean average percentage error of 0.81% shows

that it is applicable to prescreening.
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Figure 25. Flash point, predicted versus actual flash point for training data only showing
the model has high fidelity to training and testing case.

Distillation curve is the most difficult property of a complex mixture to model and also one
of the most important characteristics of fuel. It is very clear whether a fuel is compliant by
evaluating the distillation curve as it is an indication of the range and quantity of components
in the fuel, which is how the characteristics are derived (by physical nature of molecules).
Linear and non-linear regression were not complex enough to model distillation curve. And,
as the composition acquired by NMR spectroscopy is the entire solution, i.e. before reaching

the initial boiling point, the only compositional data that is available is that of the entire
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solution. Furthermore, because only the atom types are described from the compositional
analysis, instead of the molecules, it is not currently possible to formulate a compositional
matrix to allow for the modelling of a distillation curve by a piece-wise compound form is used
by Yang et al.> and Bell at al,’* these modelling approaches are appropriate for GCxGC data
where the molecules are discernible. To achieve an accurate model using the NMR derived
atom types a simple approach was used, where the data was treated like a dependent property,
similar to how the surface tension and density models are temperature dependent, the
distillation curve model is volume dependent. Where the volume is the % distilled. This is

represented as at, for example, 180 °C 10 volume % of the sample has a evaporated.

Therefore, the predictors used for the model were the volume distilled and the atom types,
the predicted value is the temperature at which that % volume distilled had been achieved. The
training set is composed of liquid fuel mixtures primarily from the work of Yang et al.”> where

the atom types of the fuels are known through the Ure et al.®?

methodology. Samples used in
the in the Yang study were requested so that the composition of atom types could be quantified
and the data presented in their work could be used to model distillation curve in this work. A
random forest regressor was developed, this was chosen as it was the first model to give high
fidelity for distillation curve predictions. The model is shown in Figure 26, though random
forest regressors are useful within the scope of their training data, and because the training data
is all jet fuel, the model will have a bias towards outputting a positive result so compositional
analysis must be used and evaluated before applying the model. But within the scope of jet
fuel compositions, it is seen that the model performs well, a snapshot of 3 distillation volumes
are shown and the R? > 0.95 showing good model performance. The overfitting of the training

data can be seen slightly in 50% and 90% volume distilled where there are several testing

points off of the parity line.
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Figure 26. Parity plots for volume distillates required for prescreening: 10%, 50%, and
90%. The prescreening model uses volume as a parameter so overall there are 1,074 boiling
points in the model.

The number of decision trees within a random forest regressor has a direct influence on the R?

obtained from model predictions. As the number of trees increases, the model generally

exhibits improved stability and predictive accuracy; however, beyond a certain point, further

increases yield negligible gains.

Table 6. Model parameters and notes for random forest model architecture used for the
training and testing of the distillation curve model, at 6 decision trees and 36 decision trees.

Setting

6 decision trees

36 decision
trees

Definitions

Number of trees

6

36

Ensemble size

Criterion

squared error

squared error

For regression

Max depth

None

None

Trees grow until leaves are pure or cannot split

split

further
Min samples split 2 2 Smallest node size considered for a split
Min samples leaf 1 1 Smallest leaf size
Max features per sqrt of p sqrt of p p is the number of predictors; reduces

correlation among trees

As shown in Figure 27, the R? value converges at approximately n = 36 decision trees,

indicating that additional trees do not significantly enhance model performance. A practical

balance between computational efficiency and predictive fidelity can therefore be achieved

with approximately n = 6 trees, beyond which improvements are marginal. This behaviour

reflects the characteristic convergence of ensemble learning methods, where model variance

decreases rapidly at low ensemble sizes before reaching a plateau.
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Figure 27. R? reduction analysis of random forest number of decision trees. Number of
estimators represents the decision trees, showing that the random forest converges at 36.

Derived cetane number is a complex fuel characteristic to measure and predict as it requires
the use of an ignition quality tester (IQT). It is not formally required by ASTM D4054 for new
synthetic aviation fuel evaluation, though it is required for batch testing in ASTM D7566. Only
mixtures measured on an IQT were used in the training and testing of the model. A linear
regression model was used to construct the operating equation for DCN. Only three primary
atom types are present, and one group of atom types. The group, aromatics, corresponds to the
summation of all the atom types that are aromatic, i.e. aromatic methine, aromatic carbon and
the alpha atom types. Aromatics are known to decrease DCN, with the lowest DCN values
recorded from aromatic compounds. This is due to the poor combustion performance of
polyaromatic hydrocarbons. DCN can be thought of as a proxy for ignition quality, as it is

formally derived from it. The R? of the training and testing is 0.770 and 0.876, this does not
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Figure 28. Derived Cetane Number (DCN), predicted DCN versus actual DCN for 405
experimental measurements.
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reach the 0.95 as required for the other models. But it can be seen in Figure 28 that the model
captures the general trend, and continues to capture it in testing unseen data. These are for
gasolines, diesel and jet aviation fuels which show the diversity in the model’s capabilities.
The mean average percentage error of 12.59% is acceptable for this property as it is meant to

serve only as an indicator.

The kinematic viscosity of jet fuel was found to not be predictable by a model trained
exclusively on pure components. For this reason, a mixing rule was implemented to calculate
kinematic viscosities of mixtures using the linear by mole mixing rule as described in 3.3.1.
The model is an artificial neural network and the performance is shown in Figure 29 and model
parameters in Table 7. ANN was chosen as linear and polynomial regression was not capable
of capturing the complex nature of viscosity. Random forest was found to overfit the data, and
was unable to capture the temperature dependent relationship. This lead to random forest not
performing well outside of the mixture training set, which is due to the restricted set of
temperatures used in training. A neural network was found to perform the best for training,
testing and validation. The training and testing R? are 0.9989 and 0.9950 respectively. The
model can generalise a temperature dependence, which allows it to outperform random forest
regressor. Additionally, the training data spans a large range from 1 — 16 mm?/s which captures

the kinematic viscosities which can be possible in jet aviation fuel.
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Figure 29. Predicted kinematic viscosity against actual kinematic viscosity as computed
from artificial neural network.
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Table 7. Model parameters for kinematic viscosity artificial neural network architecture as

trained using H20 AutoML package in Python.

Parameter Value Notes

Network type Fully connected Single hidden layer
feedforward

Input features 16 Standardise or normalise inputs
Hidden layers 1 100 neurons
Output units 1 Scalar regression target
Hidden ReLU Good default for regression with
activation standardised inputs
Output Linear Suitable for regression
activation
Loss function Mean squared error Optimises squared error
Optimiser Adam Stable default for tabular data
Learning rate 0.001 Tune on a validation set
Batch size 32 Tune between 32 and 256
Epochs 200 With early stopping

4.3 Experimental Results

Table 8 presents the measured densities and kinematic viscosities of a selection of jet fuels,
surrogate mixtures, and reference fuels across the investigated temperature range. All samples
exhibit the expected inverse temperature dependence of both density and viscosity, with values
decreasing as temperature increases. Jet A-1 Weston showed a consistent trend from 0.8219 g
cm™ at —20 °C to 0.7768 g cm™ at 40 °C, and from 3.76 mm? s™! to 1.21 mm? s in viscosity,

demonstrating typical behaviour for middle-distillate fuels.

These results were used to build the training and testing dataset for the calculated mixtures
for viscosity. The kinematic viscosity data from Edwards et al. was then used to validate the

model.!?
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Table 8. Kinematic viscosity and density experimental values for real and surrogate jet fuel

using Anton Paar SVM 3001 in Trinity College Dublin.

Temperature | Density K.inem.atic
Sample 3 Viscosity
°C g/cm 2
mm-/s

Jet A-1 Weston 40 0.777 1.21
Jet A-1 Weston 20 0.792 1.61
Jet A-1 Weston 0 0.807 2.34
Jet A-1 Weston -20 0.822 3.76
?(;ge;)tane (0.34) + 1,3,5-trimethylbenzene (0.33) + iso-octane 40 0.714 053
?(;ge%tane (0.34) + 1,3,5-trimethylbenzene (0.33) + iso-octane 20 0.731 0.62
?(;ge;)tane (0.34) + 1,3,5-trimethylbenzene (0.33) + iso-octane 0 0.748 0.77
?(;ge%tane (0.34) + 1,3,5-trimethylbenzene (0.33) + iso-octane 20 0.764 1.00
FACE A Gasoline 40 0.675 0.53
FACE A Gasoline 20 0.693 0.62
FACE A Gasoline 0 0.710 0.77
FACE A Gasoline -20 0.727 0.98
FACE F Gasoline 40 0.687 0.49
FACE F Gasoline 20 0.698 0.59
FACE F Gasoline 0 0.722 0.71
FACE F Gasoline -20 0.739 0.90
FACE I Gasoline 40 0.670 0.49
FACE I Gasoline 20 0.688 0.57
FACE I Gasoline 0 0.705 0.69
FACE I Gasoline -20 0.722 0.88
S8 POSF 5018 40 0.736 1.33
S8 POSF 5018 20 0.751 1.81
S8 POSF 5018 0 0.766 2.67
S8 POSF 5018 -20 0.781 4.47
Gevo POSF 13718 40 0.682 1.79
Gevo POSF 13718 20 0.694 2.47
Gevo POSF 13718 0 0.705 3.68
Gevo POSF 13718 -20 0.721 6.03
Amyris Farnesane POSF 11382 40 0.757 3.78
Amyris Farnesane POSF 11383 20 0.771 5.83
Amyris Farnesane POSF 11384 0 0.785 10.38
Amyris Farnesane POSF 11385 -20 0.799 23.08
FACE C Gasoline 40 0.670 0.49
FACE C Gasoline 20 0.688 0.58
FACE C Gasoline 0 0.705 0.70
FACE C Gasoline -20 0.722 0.88
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4.4 Validation of Prescreening Models

The validation dataset for the prescreening models was built from a database of reference
jet aviation turbine fuels, including conventional and synthetic fuels largely from the work of
Edwards et al.!'> These fuels are part of the National Jet Fuels Combustion Program (NJFCP)
conducted by the US Air Force and NASA.!!'6 A small sample of six fuels from this program
are stored in Trinity College Dublin, allowing for the quantification of the atom types as were
shown in Figure 16. The database is not complete and due to the sample quantity available in
Trinity College Dublin the tests cannot be performed meaning that some properties are
underrepresented, i.e. surface tension. These fuels have an identification number which is

prefaced with “POSF” as an indicator of the batch which it is derived from.

These fuels were chosen due to the nature of their existence in literature, meaning this work
is now directly comparable with other predictive methods by comparing the capabilities using
the NJFCP fuels which many institutions have access to. Additionally, due to the novel NMR
methodology being used in Trinity College Dublin for the composition analysis of fuels the

validation data set is limited by the samples available in the laboratory.

The surface tension model was validated using Jet A POSF 10325 and JP-5 POSF 10289 as
these samples were the only NJFCP fuels with surface tension data. Future work will validate
the surface tension model with synthetic fuel samples. Nonetheless, with two conventional
aviation fuels the model is shown to have excellent fidelity. The performance of the validation
set with the predicted and experimental surface tensions is shown in Figure 30. The CRC
Handbook of Aviation Fuel Properties Jet A line, and the CRC World Fuel Survey average
show that if these fuels were being analysed within the ASTM D4054 evaluation scope with
only the predicted values they would receive a positive result. It is noted that the fuels do not
have to fall within the average, only that they must conform to the standard characteristics seen
for Jet fuels. The predictions at lower temperatures show that there is an increase in error likely

due to the inconsistent amount of training points compared with the higher temperatures.
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Figure 30. Surface tension versus temperature, literature experiment (full symbols) and
unseen model predictions of this study (hollow symbols). For reference the ASTM fit-for-
purpose properties are included as lines, which are derived from the CRC World Fuel Survey
(2006). The bars represent the range of surface tensions measured for samples of Jet A, JP-5
and JP-8 in the survey.

The density model was validated using temperature-dependent data for Jet A POSF 10325
and JP-5 POSF 10289. Synthetic aviation turbine fuel measurements of density at 15 °C were
available in literature and were used to validate the model. The temperature-dependent
validation is shown in Figure 31, it is noted that there is a deviation in the temperature
relationship between the predicted and measured properties. This could be caused by a
temperature-dependent intermolecular interaction which is not accounted by the binary
mixtures and pure components which the model is trained on. Future work will assess a density
model which is train wholly on complex mixtures with atom type compositional data. Though,
even with the temperature relationship the predicted values match the experimental values
excellently demonstrating its applicability to prescreening. Four predicted densities for fuels
at 15 °C are shown in Table 9 and show excellent agreement with the experimental values with

the absolute error ranging from 3 — 0 kg/m?.
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Figure 31. Liquid density versus temperature, literature experiment (full symbols) and
unseen model predictions of this study (hollow symbols). The ASTM fit-for-purpose properties
are included as lines for reference. The ASTM D1655 specification is used as a qualification
(limits @ 15°C) metric in the initial ASTM D4054 evaluation.

Table 9. Liquid density at 15 °C as is required in Table A4.1 in ASTM D4054 for Fast
Track Evaluation and required ASTM D7566 annexes for 2 conventional aviation turbine fuels
and 2 synthetic aviation turbine fuels from literature.

Density 15°C
Predicted Experimental Absolute
Fuel (keg/m?) (kg/m?) Error
Jet-A POSF 10325 805 803 2
JP-5 POSF 10289 825 826 1
Shell-SPK POSF
5779 740 737 3
HRJ-Camelina POSF
7790 757 757 0

The flash point validation dataset is composed of the three conventional jet aviation fuels
and three synthetic jet aviation fuels. Figure 32 shows two red regions, one as the minimum
requirement for flash point as required by ASTM D7566 and the crossed region as the
maximum requirement for flash point by ASTM D4054. It can be seen that while most of the
predicted points fall within the range, Sasol-IPK POSF 7629 does not. Sasol-IPK is a highly

paraffinic synthetic blending component. This is something which all of the models struggle
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with as isomeric paraffins have the same atom types but may have different shapes (structural
isomers). Structural isomers can exhibit different properties which cannot be captured by the
analysis here. Though, the changes in the properties for structural isomers is usually small, this
discrepancy with Sasol-IPK may be due to lack of compositional coverage in the training
space. The model shows acceptable fidelity for a predictive method. Increased model
complexity did not result in a better model. Instead, more data or better, more information such
as molecular weight and initial boiling point would have allowed for greater predictive power.
In Figure 33, a parity plot shows the property-property correlations between flash point,
density, surface tension, initial boiling point and freezing point. Boiling point and flash point
have a near perfect correlation, which can be deduced logically as both are a measure of the
volatility of a sample at different temperatures but looking for different outcomes. Future work
will develop a property-structure prediction model whereby atom types are used alongside
physical characteristics would train a model, to allow for increased fidelity by capturing
molecular interactions and characteristics not inherent to atom type descriptions. It is noted
that other properties have a high correlation in figure 33 such as surface tension and density.

This will be evaluated in the future property-property work as well.
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Figure 32. Flash point predictions of conventional and synthetic aviation turbine fuel. The
error bars represent the ASTM D56 reproducibility of flash point via the closed cup method.
The predicted error range is 1.74 — 5.64%. The experimental data was taken from Edwards et
al 115
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Figure 33. Property — Property correlation matrix for flash point, freezing point, boiling
point, density and surface tension using physical property data gathered from DIPPR database.

The distillation model was verified with Jet A POSF 10325 and JP-8 POSF 10264 across
the full range of distillation. The predictions shown in Figure 34 have high fidelity and be
within the ASTM D4054 evaluation specification for distillation curve. This shows the models
applicability to prescreening of new jet aviation fuels. Future work will expand the validation
dataset as a lot of the fuel data gathered was used for the training of the distillation model as
strictly mixtures of complex hydrocarbons are required. The use of a random forest regressor
and fuel data could lead to overfitting and a restrictive predictive space. For this, a rudimentary
distillation curve artificial neural network was constructed to quickly validate the results of the

random forest.
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Figure 34. Temperature versus volume, literature experiment (full symbols) and unseen
model predictions of this study (hollow symbols). The ASTM fit-for-purpose properties are
included as lines for reference.

Derived cetane number did not have a high R? on the training or testing data used to form
the linear regression equation. Though, it can be seen in Figure 35, that this does not affect the
prediction results greatly. Dooley et al.”” showed that the prediction of derived cetane number
does not need many functional groups. More functional groups were included than in that study
as there is the restriction of not knowing the molecular weight which was used as a proxy for
molecular size. The model shows excellent reproducibility for the three conventional and three
synthetic fuels which are used in the validation dataset. This performance shows that the
model, as it is trained currently, is more than capable of being used for prescreening fuels using
the limited atom types selected. This is because pCH3 and pCH: and their ratio are the single
largest contributor to ignition quality. As well, a grouped aromatic term allows the model to
accurate predict the decrease in the DCN due to the aromatic content which has a known effect

to decrease ignition quality.
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Figure 35. Derived Cetane Number validation data set of real fossil and synthetic aviation

turbine fuels using atom types quantified from 'H '*C HSQC NMR spectroscopy. The
experimental data was taken from Edwards et al.!!

The validation dataset for kinematic viscosity at 20 °C is shown in Figure 36. The maximum
specification allowed is included from ASTM D7566 which specifies kinematic viscosity
cannot exceed 8 mm?/s at 20 °C. The model shows that for the three conventional fuels the
performance is good, with prediction JP-8 being nearly identical to the experimental result, but
less so for JP-5 which has an overprediction. The synthetic aviation fuels have a wider
prediction range, again due to the increased number of iso-paraffins which was unable to be
covered in the dataset for the kinematic viscosity model. Kinematic viscosity is not quantity
measured by a device, instead it is a result of the dynamic viscosity normalised by the density.
This means, that the training dataset, and the validation dataset, both need the dynamic
viscosity and the density of the fuel at X °C, Future result will extend the dataset and provide
experimental measurements for fuels and complex mixture to allow the model, which is

currently data limited, to reach higher fidelity.
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Figure 36. Kinematic viscosity validation data set of real fossil and synthetic aviation
turbine fuels using atom types quantified from 'H '*C HSQC NMR spectroscopy. The
experimental data was taken from Edwards et al.!!

4.5 Abolition Study of Density and Surface Tension

Figures 30 and 31 indicate that while both models do achieve a useful predictive capability,
the models do not perfectly capture the temperature dependent density and temperature
dependent surface tension behaviours of the JP-5 in particular. Though uncertainty in the
experimental measurement should not be discounted as a source of this discrepancy, it is

expected that a more complex training database will result in a better capture of this behaviour.

The surface tension model shows less accuracy, which can be indicative of an inherently
greater complexity in these phenomena compared to density. Despite these shortcomings, the
predictions for both properties are sufficiently accurate to classify the analysed fuels as “fit-

for-purpose”, thus fulfilling the primary objective of this study.

The reference real fuels, which serve as the benchmark for evaluating the predictive ability
of the models, are highly complex fluids composed of thousands of discrete molecules. This
complexity highlights the need for a more diverse set of complex mixtures in the training data
to capture the full range of compositional variability. Ideally, a model would be trained on a

dataset that comprehensively and evenly represents the compositional space of the fluids being
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analysed. However, this is challenging in practice due to the vast compositional diversity found
in conventional and synthetic aviation fuels, as well as the significant time and cost associated

with conducting experimental determinations for reference pure component mixtures.
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Figure 37. Average percentage error in the model prediction of temperature dependent
density and temperature dependent surface tension of Jet-A POSF 10325 and JP-5 POSF
10289, relative to experiment, for different descriptions of the compositional space. The y-axis
denotes the singular absence of each molecular class from the training data.

From Figure 16, the large variabilities in the composition space occupied by the real
reference fuels becomes obvious, particularly the lower prevalence of aromatic and
cycloparaffinic atom types in the synthetic aviation fuels. To study the effect of compositional
space on model performance, the influence of this factor is analysed using the original datasets.
In this analysis, the training set comprises only pure components, as mixtures may include
multiple classes. Model training by multiple linear regression was performed again, but with
individual molecular classes removed from the training set, and the performance of the

resulting model assessed, all other variables held constant. Figure 37 shows the results against

density and surface tension data for Jet-A POSF 10325 and JP-5 POSF 10289.
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In particular, for both density and surface tension, the removal of isomerized paraffins and
aromatics have a considerable degrading effect on the predictive ability, emphasizing their

importance.

With respect to density, the removal of any hydrocarbon class leads to a considerable, but
more consistent, increase in the model error, of the order of 5%. The extent of performance
degradation for the surface tension model is more varied depending on which molecular class
training data is removed. This feature further points to the more complex nature of the surface

tension physical phenomenon, over that of liquid density.

The analysis evidences the importance of having a comprehensive coverage in molecular
class/atom type training data in order to accurately predict the properties of real complex fuels,
by this, and similar methodologies. Furthermore, and of fundamental scientific value, though
density and surface tension are usually labelled as “physical” properties as no covalent bonds
are broken or formed, the analysis presented here makes clear that these phenomena are

dependent on molecular structure.
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5. Conclusions

Predictive models for surface tension, liquid density, flash point, distillation curve, derived
cetane number, and kinematic viscosity have been developed to assess their applicability for
the prescreening of sustainable aviation fuel (SAF) candidates. These models were constructed
using multiple linear regression, binomial regression, random forest regression, and artificial
neural network techniques, with atom-type mole fractions serving as predictors. Atom types
were quantified using 'H 3C HSQC NMR spectroscopy, which requires millilitres of fuel

samples.

Comprehensive datasets were assembled for each property: 1,241 data points for density,
1,260 for surface tension, 184 for flash point, 1,074 for distillation curve, 405 for derived
cetane number, and 1,373 for kinematic viscosity. Atom-type compositions were determined
for 19 conventional and synthetic aviation turbine fuels, and kinematic viscosity and density

were measured for nine samples at —20, 0, 20, and 40 °C for model training and testing.

Each dataset was used to train and evaluate numerical models describing the relevant
property in terms of atom-type composition. The surface tension model demonstrated excellent
predictive performance, achieving an average error of 2.22 % for unseen pure components and
mixtures, and predicting the surface tension of real aviation fuels within 4.41 %. The liquid
density model displayed similarly strong predictive accuracy, with an average error of 0.47 %
for unseen pure components and mixtures, and predicted the density of real fossil, synthetic

aviation fuels, and gasolines to within 5.35 %.

The flash point model, based on binomial regression, showed high fidelity to the training
and testing datasets, with a mean absolute percentage error of 0.81 %. However, due to its
polynomial form, it is more susceptible to overfitting, and its performance could be further
improved through the inclusion of additional complex mixture data. The distillation curve
model, trained using a random forest regressor, demonstrated excellent agreement with both
training and unseen datasets at 10 %, 50 %, and 90 % volume recovered, achieving R?> > 0.97.

Validation against two conventional jet fuels confirmed the robustness of this model.
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The derived cetane number model performed less effectively overall (R? < 0.95), but despite
its simplicity, it demonstrated strong fidelity when validated against real fuel data, indicating
sound physical consistency. The kinematic viscosity model, developed using an artificial
neural network and incorporating both experimental and calculated data, achieved strong

performance for training and unseen datasets, with a mean average percentage error of 3.61 %.

Overall, the models developed in this study show promise for the prescreening of SAF
candidates based on atom type composition. Further improvement in predictive performance
can be achieved through the inclusion of more compositionally complex mixtures and broader
coverage of the compositional space in the training datasets, which will require additional

experimental measurements.
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Future Recommendations

Preliminary applications of 'H *C HSQC quantified atom types have been explored in this
work through predictive models for fit-for-purpose fuel properties. Although complex
hydrocarbon mixtures (aviation turbine fuels) were analysed using NMR spectroscopy, the
predictive models were trained primarily on property databases consisting of pure components
or simple mixtures. Future research would benefit from evaluating how model fidelity changes
when trained on datasets composed of complex hydrocarbon mixtures. Such datasets may
better capture intermolecular interactions that are not represented in pure-component systems.

More advanced machine learning methodologies could also be explored to better account
for non-linear intermolecular effects, as these interactions are not explicitly represented in
linear regression models. However, given that the intended purpose of the models is fuel
prescreening, the trade-off between increased predictive accuracy and computational or
methodological complexity should be carefully evaluated. Quantitative Property Structure
Relationships could improve the fidelity of the more complex physical characteristics (flash
point, distillation curve, kinetic viscosity), by allowing the models to learn slight molecular
interactions and characteristics from other physical properties of a fuel. Though, the viability
of this would need to be investigated as it increases the work and sample quantity needed for
prescreening.

Beyond predictive modelling, atom type quantification demonstrates strong potential for
sensitive chemical characterisation of fuels, particularly in areas where conventional analytical
techniques may lack resolution. Further development and refinement of atom-type
classification using higher-sensitivity NMR instrumentation would likely provide significant
benefits to the field. Increased signal sensitivity, achieved through higher-field spectrometers,
additional scans, or larger sample volumes, could improve peak detection and enable more
detailed examination of low-ppm hydrocarbon class content.
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Appendix 1. Flash Point Model Coefficients and P-values

Table A.1. Flash Point Coefficients for Binomial Model showing the possible combinations
of the atom types used in the refined dataset. All red p-values indicate that they are not
statistically significant, reducing the amount of coefficients to 21.

Atom Type | Coefficient | p-value Atom Type | Coefficient | p-value

pCH3 pCH2 -53.96 0.000 ArCH rC 6.04 0.22
pCH3 pCH -57.54 0.000 pCH cyCH -5.36 0.27
pCH3 pC -58.92 0.000 AICH2 rC -5.11 0.30
pCHA2 50.29 0.000 ArC AICH2 4.23 0.39
pCA2 55.13 0.000 rC 3.98 0.42
pCH2 37.05 0.000 AICH2/2 2.90 0.55
cyCHA"2 -30.40 0.000 pCH3 ArCH -2.58 0.60
pCH2 pCH 29.48 0.000 pCH2 ArCH 2.34 0.63
ArC -28.92 0.000 pCH ArC 2.33 0.63
pCH2 pC 28.83 0.000 pCH ArCH 2.33 0.63
pCH pC 25.42 0.000 AICH2 2.19 0.65
cyCH 21.18 0.000 rCn2 1.88 0.70
pC -18.64 0.000 pCH AICH2 1.69 0.73
ArCH -17.53 0.000 pC ArCH 1.57 0.75
ArCH ArC 16.45 0.001 pC ArC 1.57 0.75
ArC”2 16.12 0.001 pC cyCH2 1.36 0.78
cyCH2/2 -15.30 0.002 pC cyCH 1.36 0.78
cyCH2 13.94 0.005 ArCrC 1.34 0.78
pCH3/2 13.59 0.006 pCH3 AICH2 0.63 0.90
pCH2/72 11.52 0.020 pCH3 ArC -0.56 0.91
pCH3 -10.29 0.037 ArCH AICH2 0.51 0.92
pCH2 cyCH -9.63 0.05 pCH3 cyCH2 0.45 0.93
pCH2 cyCH2 8.18 0.10 cyCH ArC -0.35 0.94
pCH cyCH2 7.82 0.11 cyCH ArCH -0.35 0.94
cyCH2 cyCH 7.75 0.11 cyCH2 ArCH -0.35 0.94
pCH2 AICH2 7.38 0.13 cyCH2 ArC -0.35 0.94
pCH -7.20 0.14 pCH2 ArC -0.04 0.99
ArCHA"2 6.30 0.20 pCH3 cyCH -0.01 1.00
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