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ARTICLE INFO ABSTRACT

Keywords: Aviation jet fuels contain over a thousand different hydrocarbons, making the prediction of their properties from
Fuel density chemical composition difficult. The density of a jet fuel at 15 °C is necessary for its certification. We present here
GC x GC an analytical approach for the determination of the density of jet fuels based on the chemical composition of the
Jet fuel o fuel determined via comprehensive two-dimensional gas chromatography with flame ionization detector
S]lfsematwejet fuel (GC X GC-FID). The analysis was carried out using two-dimensional gas chromatography with electron ioni-

Weighted average zation high-resolution time-of-flight mass spectrometry detection (GC x GC-TOF/MS) and flame ionization
SVM detection (GC X GC-FID). A detailed chemical composition analysis was performed on 50 samples, including
petroleum-based aviation fuels and all approved alternative aviation fuel blending components. Fuel con-
stituents were classified into seven hydrocarbon classes (n-paraffins, isoparaffins, monocycloparaffins, di- and
tricycloparaffins, alkylbenzenes, cycloaromatic compounds, and alkylnaphthalenes) with the number of carbons
in the range of 7-20. Several correlation algorithms and approaches were explored, including partial least
squares regression (PLS) and support vector machines method (SVM), which yielded the most accurate results
with mean absolute percentage errors of 0.1740% and 0.0984%, respectively. All used methods were validated

utilizing uncalibrated validation samples.

1. Introduction

The density of (alternative) aviation fuels is one of the main para-
meters indicative of fuel quality. Fuel is filled into aircraft volume-
trically; hence, density plays an especially important role in de-
termining the total aircraft load as well as the aircraft range. Density is
also used in flow calculations, fuel gauging, metering device adjust-
ments, and fuel thermal expansion calculations [1].

Currently, five alternative aviation fuel blending components have
been approved for use in gas turbine engines. These blending compo-
nents are produced via several pathways: Fischer-Tropsch (FT) process
using coal, natural gas, or biomass as feedstock [2]; hydroprocessing
(hydrotreatment and hydroisomerization) of vegetable oils or animal
fats [3]; sugar fermentation; and via an Alcohol-to-Jet (ATJ) process
that is composed of three-steps (alcohol dehydration, oligomerization,
and hydrogenation), utilizing corn, unrefined sugars, switchgrass, corn
stover, corn fiber, glucose, wheat straw, liquefied corn starch, barley
straw, sweet potato slurry, whey permeate, unrefined sugarcane, or
woody biomass as a feedstock [4,5]. The chemical composition of the
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product obtained from each process is different, which requires atten-
tion as the constituents of these fuel blending components affect the
fuel properties. These are expected to fall within a specific range as
deemed necessary by fuel standards. One of the important properties for
aviation fuels is the density at 15 °C. It is known that density increases
in the order of paraffins < cycloparaffins < aromatics for the same
carbon number. The density of n-paraffins is in most cases slightly
higher than isoparaffins of the same carbon number. Establishing ac-
curate fuel chemistry-property correlations is a still major subject of
interest by multiple researchers.

The research focused on correlating the fuel chemical composition
to its properties began in the 1980s [6-10]. First correlations between
petroleum-based jet fuel composition and density were published in
1985 [10]. These studies used gas chromatography (GC), nuclear
magnetic resonance (NMR) spectroscopy, and high-pressure liquid
chromatography (HPLC) to determine the fuel chemical composition.
Density predictions were based on the total content of n-paraffins and
aromatic compounds. Later efforts focused on improving these models
by adding distillation profile information into the calculations, which
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allowed for the prediction of the density of alternative aviation fuels
[7]. Alternative fuels used in these studies were obtained via hydro-
liquefaction and FT process of coal. Liu et al. [11] were the first to use
an artificial neural network in 2007 to predict the density of aviation jet
fuels based on their chemical composition determined via GC-MS. An
alternative chemometric modeling (partial least squares) of near-in-
frared absorption spectra was first mentioned in the literature by Morris
et al. [12]. This approach was later updated by utilizing GC-MS [13].

A comprehensive two-dimensional gas chromatography (GC x GC)
capable of simultaneous mass spectrometry and flame ionization (FID)
detection was used in 2017 for the development of quantitative che-
mical composition-property relationships for petroleum-based jet fuels
and one FT synthetic fuel, as described by Shi et al. [14]. These authors
tested several algorithms to correlate the density to fuel chemical
composition. Partial least squares and modified weighted average
methods yielded the most accurate results. However, these correlations
were developed only for density values at 20 °C. Therefore, this study
explores the use of different algorithms and approaches, which all po-
tentially increase the predictive capability of the models studied. Ad-
ditionally, this paper focuses on utilizing these methods to predict the
density of aviation jet fuels at 15 °C, a capability pertinent to the field of
aviation [15]. Furthermore, this is the first reported use of two-di-
mensional gas chromatography with a flame ionization detector
(GC x GC-FID) for determining fuel density at 15 °C.

2. Experimental
2.1. Materials

Total sample set contained 50 samples composed of calibration and
validation samples. Calibration sample set was comprised of 38 samples
(Table 1), including 25 military petroleum-derived aviation jet fuels, 4
petroleum-derived Jet A fuels, 2 petroleum-derived Jet A-1 fuels, 6
synthetic or bio-derived alternative jet fuel blending components, and 1
jet fuel blend. Validation sample set was prepared manually by
blending jet fuel and alternative aviation blending component from
Table 1 in various ratios. Validation set contained 12 samples following
the blending limitations of ASTM D7566: HEFA from tallow, HEFA from
mixed fats, HEFA from camelina, and Fischer-Tropsch IPK were
blended in 20 and 50 vol.% with Jet A. Alcohol-to-Jet was blended in
10 and 30 vol.% with Jet A. SIP Kerosene was blended in 5 and 10 vol.%

Table 1
List of tested samples.

Fuel Composition Note

aviation jet fuel” 25 different samples of F-24 petroleum-derived;
military

petroleum-derived
petroleum-derived
petroleum-derived

petroleum-derived

Jet A (ASTM)

Jet A (Chevron Pillips)
Jet A (Exxon Mobil)
Jet A (Shell)

aviation jet fuel

aviation jet fuel®
aviation jet fuel”
aviation jet fuel®

av. blend component” Alcohol-to-Jet (Gevo) biofuel

av. blend componenth HEFA from tallow (UOP) biofuel

av. blend component”  HEFA from mixed fats biofuel
(Dynamic Fuels)

av. blend componenth HEFA from camelina (UOP) biofuel

av. blend component” Fischer-Tropsch IPK (Sasol) synthetic fuel

av. blend component® SIP Kerosene (Amyris Bio.) biofuel

Jet A-1 (Twin Trans s.r.0.)
Jet A-1 (Unipetrol, a.s.)
50/50 vol.% Jet A/HEFA
Camelina

aviation jet fuel
aviation jet fuel
aviation jet blend”

petroleum-derived
petroleum-derived

2 Provided by the Naval Air Warfare Center Aircraft Division, Patuxent River,
MD.

> provided by the Wright-Patterson Air Force Base, Dayton, Ohio.

¢ Provided by the Aircraft Rescue and Firefighting division of Federal
Aviation Administration, Egg Harbor Township, NJ.
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with Jet A.

In addition to above samples, density was measured for the fol-
lowing compounds: n-heptane (99% pure; Sigma-Aldrich), n-octane
(=99.5% pure; Sigma-Aldrich), n-nonane (=95% pure; Fluka), n-de-
cane (98% pure; ETI Science), n-dodecane (=99% pure; Sigma-
Aldrich), n-pentadecane (=99% pure; Sigma-Aldrich), 2,2,4,4,6,8,8-
heptamethylnonane (98% pure; Acros Organics), 1-ethyl-1-methylcy-
clohexane (> 99% pure; TCI), n-butylcyclohexane (= 99% pure, Sigma-
Aldrich), decahydronaphthalene (=99% pure; Fluka), toluene (99.8%
pure, Acros Organics), 1,3-dimethylbenzene (99% pure; Alfa Aesar),
1,2,3,4-tetrahydronaphthalene (99% pure; Sigma-Aldrich), and 1-me-
thylnaphthalene (97 + % pure; Acros Organics).

2.2. Density measurements

The density of all samples was measured using an SVM 3001
Stabinger Viscometer (Anton Paar) via ASTM D4052. The instrument
was cleaned, calibrated, and checked for accuracy per instructions
provided by the vendor. Anton Paar-certified standards (APN7.5 and
APN26) were utilized. Samples were measured five times at 15 °C, and
standard deviations were calculated automatically by the instrument.
The average standard deviation value was —0.00003 g/cm®, demon-
strating a high precision for the measurements. Petroleum-based avia-
tion fuel density value is required to be in the range between 0.775 and
0.840 g/cm3 [15], while for alternative fuel blending components
(ASTM D7566), the density value is required to be in the range of
0.730-0.770 g/cm® for Fischer-Tropsch Hydroprocessed Synthesized
Paraffinic Kerosine, Synthesized Paraffinic Kerosine from Hydro-
processed Esters and Fatty Acids (HEFA), and Alcohol-to-Jet Synthetic
Paraffinic Kerosene (ATJ), and between 0.765 and 0.780 g/crn3 for
Synthesized Iso-Paraffins from Hydroprocessed Fermented Sugars (SIP).
Samples utilized in this study were selected to cover the complete
density range.

2.3. Analysis of the chemical composition of the fuel samples

2.3.1. GC x GC-TOF/MS analysis

Qualitative analysis of the samples was performed using two-di-
mensional gas chromatography with electron ionization high-resolution
time-of-flight mass spectrometry (GC X GC-TOF/MS). LECO Pegasus
GC-HRT 4D (EI) High-Resolution TOF/MS (LECO Corporation, Saint
Joseph, MI) was equipped with an Agilent 7890B gas chromatograph
and a thermal modulator cooled with liquid nitrogen. The system was
also equipped with an Agilent G4513A auto-injector. Primary mid-polar
column Rxi-17Sil ms (60 m X 0.25mm X 0.25 um) was connected to a
secondary nonpolar column Rxi-1ms (2.0m X 0.25mm X 0.25 pm).
Both columns were procured from Restek (Bellefonte, PA). The transfer
line, ion source, and inlet temperatures were maintained at 300, 250,
and 280 °C, respectively. Oven temperature program started at 40 °C
(hold time 0.2min) and ended at 160 °C (hold time 5min) with a
temperature ramp rate of 3 °C/min. The offsets in the temperature of
the secondary oven and modulator were 15 and 15 °C, respectively.
Modulation period was set to 1.2's, with a hot pulse duration of 0.20s.
Each sample (10 puL) was diluted in 1 ml of n-hexane (=99.0% pure;
Acros Organics) in an autosampler vial (1:100 dilution). Injection vo-
lume was 0.5 uL. with a 20:1 split ratio. Acquisition delay was 400s.
Ionization was achieved using 70 eV EIL The acquisition rate of mass
spectra was 200 Hz with a detector gain voltage of 1750 V. ChromaTOF
(Version 1.90.60.0.43266) was utilized for data collection (with an m/z
of 45-550), processing, and analysis. Identification of the compounds
was performed by matching the measured mass spectra (match
threshold of > 700) with Wiley (2011) and NIST (2011) mass spectral
databases.

2.3.2. GC x GC-FID analysis
For quantitative analysis, a comprehensive two-dimensional gas
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chromatography (Agilent 7890B GC) with a flame ionization detector
(FID) and a thermal modulator (LECO Corporation, Saint Joseph, MI)
cooled with liquid nitrogen was used. This system was also equipped
with an Agilent 7683B series injector and an HP 7683 series auto-
sampler. Primary mid-polar column DB-17MS
(30m x 0.25mm X 0.25 pm) was connected to a secondary nonpolar
column DB-1MS (0.8 m X 0.25mm X 0.25 um). This column setup is
known as a reversed phase setup and it allows for the improved se-
paration of saturated and aromatic compounds. Both columns were
provided by Agilent (Santa Clara, CA). FID and inlet temperatures were
300 and 280 °C, respectively. Oven temperature program started at
40 °C (hold time 0.2 min) and ended at 160 °C (hold time 5 min) with a
temperature ramp rate of 1°C/min. Secondary oven and modulator
temperature offsets were 55 and 15 °C, respectively. Modulation period
was set to 6 s with a hot pulse duration of 1.06s. Each sample (10 pL)
was diluted in 1 ml of dichloromethane (99.9% pure; Acros Organics) in
an autosampler vial (1:100 dilution). Injection volume was 0.5 pL with
a 20:1 split ratio. Acquisition delay was 165s. FID data were collected
at an acquisition rate of 200 Hz. GC X GC-FID classification utilizing
ChromaTOF software (version 4.71.0.0 optimized for GC X GC-FID) has
been described in detail in a previous publication [16]. Fig. 1 displays
the fuel constituent classification established in this study. Classifica-
tion is based on seven hydrocarbon classes (n-paraffins, isoparaffins,
monocycloparaffins, di- and tricycloparaffins, alkylbenzenes, cy-
cloaromatic compounds (indans, tetralins, indenes, etc.), and alkyl-
naphthalenes) with 7-20 carbon atoms. The weight percentage of each
compound in the sample was calculated by utilizing the ratio of the
compound peak area to the sum of all peak areas measured for the
sample.

2.3.3. Chemical composition-density correlation algorithms

Three statistical modeling methods were used in order to process
the compound weight percent data obtained from GC X GC-FID:
weighted average (WA) method, partial least squares (PLS) regression,
and a high dimensional method using regularized support vector ma-
chines (SVM).
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WA has been described in a previous paper where middle distillates
were studied [16]. Briefly, the density of the sample can be determined
by calculating the sum of the density of each compound group weighted
by the weight percentage of each group as expressed in Eq. (1).

7 21
Dig/em3) = ZH Z;:l (aijbiy)

where a is the density (Table 3) and b is the weight fraction. The sub-
scripts i and j refer to the hydrocarbon class and number of carbon
atoms, respectively.

PLS is a common methodology in linear multivariate regression.
This method is commonly used in chemometrics. It is derived from
principal component regression and acts as its “successor”. PLS avoids
the errors in a linear regression that occur in cases where the input data
matrix X is not full rank (more predictors than observations or more
observations than predictors). This is avoided by creating a lower di-
mensional projection in order to capture linear correlations and varia-
bility, which is the foundation of principal component analysis. This
still does not encompass the relevance of principal components that
may influence the response variable at different levels. To fix this
problem, PLS incorporates collinearities between input matrix X and
response matrix Y. The general underlying model is as follows: let X be
an n x p matrix of predictor variables and Y be an n x ¢ matrix of
response variables. The response matrix can then be approximated as
stated in Eq. (2).

@

Y=y, + TaQ} + E4 )

This can be rewritten via the substitution of variables into Eq. (3)

Y =boa + XBs + E4 3

where By = V4,Q%, boy = Yo—XoB4, and Fj is the vector of residuals. The
vector of residuals and intercepts can be added together into one in-
tercept value. Here, Q4 is the coupling between individual variables in
Y and the A orthogonal components in the matrix Ty = (X—xo)Va4. Ta
can be thought of as scaled scores which define the covariance of the
rows of X. What differentiates PLS from a principal component
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Fig. 1. F-24 (Luke AFB, AZ) GC x GC-FID chromatogram showing classification regions used.
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Table 2

The chemical compositions (Wt%) of SIP Kerosene (Amyris Bio.), HEFA from
camelina (UOP), Jet A-1 (Unipetrol, a.s.), and F-24 (Luke AFB, AZ) obtained by
using GC X GC-FID.

n-paraffins SIP HEFA Jet A-1 F-24
c8 0.00 1.56 0.79 0.28
Cc9 0.00 2.15 1.45 2.61
C10 0.00 1.38 4.66 3.30
C11 0.00 0.96 6.81 3.22
C12 0.00 0.83 5.59 2.63
C13 0.00 0.65 3.50 2.27
C14 0.00 0.25 0.58 1.72
C15 0.00 0.51 0.04 1.18
C16 0.00 0.13 0.00 0.68
C17 0.00 0.10 0.00 0.27
C18 0.00 0.00 0.00 0.11
C19 0.00 0.00 0.00 0.04
C20 0.00 0.00 0.00 0.01
total n-paraffins 0.00 8.53 23.41 18.32
isoparaffins SIP HEFA Jet A-1 F-24
C8 0.00 1.48 0.48 0.41
Cc9 0.00 11.18 1.57 2.60
C10 0.00 11.36 3.48 5.39
C11 0.00 9.88 7.12 4.91
C12 0.00 8.48 6.07 4.18
C13 0.00 8.17 5.86 4.41
C14 0.05 6.29 2.57 3.35
C15 99.43 5.59 0.32 2.84
Cl6 0.03 2.35 0.03 1.70
C17 0.00 21.26 0.00 0.87
C18 0.00 3.66 0.00 0.49
C19 0.00 0.00 0.00 0.21
C20 0.00 0.00 0.00 0.05
total isoparaffins 99.52 89.71 27.50 31.39
monocycloparaffins SIP HEFA Jet A-1 F-24
c8 0.00 0.81 2.03 3.48
Cc9 0.00 0.51 4.00 4.09
C10 0.00 0.29 6.88 4.58
Cl11 0.00 0.08 4.97 3.71
C12 0.00 0.03 3.86 3.65
C13 0.00 0.00 0.83 2.74
Cl14 0.42 0.00 0.00 1.79
C15 0.00 0.00 0.00 0.97
C16 0.00 0.00 0.00 0.35
C17 0.00 0.00 0.00 0.03
C18 0.00 0.00 0.00 0.00
C19+ 0.00 0.00 0.00 0.00
total monocycloparaffins 0.42 1.73 22.58 25.38
di- and tricycloparaffins SIP HEFA Jet A-1 F-24
C8 0.00 0.00 0.22 0.30
co 0.00 0.00 1.13 0.95
C10 0.00 0.00 1.80 1.44
C11 0.00 0.00 1.61 1.54
C12 0.00 0.00 0.99 1.42
C13 0.00 0.00 0.08 0.60
C14 0.00 0.00 0.00 0.33
C15 0.00 0.00 0.00 0.10
Cl6 0.00 0.00 0.00 0.00
Cl17+ 0.00 0.00 0.00 0.00
total di- and tricycloparaffins 0.00 0.00 5.82 6.68
total cycloparaffins 0.42 1.73 28.40 32.06
alkylbenzenes SIP HEFA Jet A-1 F-24
C8 0.00 0.01 1.27 1.30
co 0.00 0.02 4.83 3.16
C10 0.00 0.00 4.30 3.42
Cl1 0.00 0.00 2.45 1.76
C12 0.00 0.00 1.23 1.43
C13 0.00 0.00 0.42 0.89
C14 0.00 0.00 0.01 0.40
C15 0.06 0.00 0.00 0.26
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Table 2 (continued)

alkylbenzenes SIP HEFA Jet A-1 F-24
Cl6 0.00 0.00 0.00 0.13
Cl17 + 0.00 0.00 0.00 0.02
total alkylbenzenes 0.06 0.03 14.51 12.78
cycloaromatic compounds SIP HEFA Jet A-1 F-24
Cc9 0.00 0.00 0.21 0.07
C10 0.00 0.00 0.98 0.45
C11 0.00 0.00 2.43 1.24
C12 0.00 0.00 1.30 1.14
C13 0.00 0.00 0.17 0.75
Cl4 0.00 0.00 0.00 0.40
C15 0.00 0.00 0.00 0.21
C16 0.00 0.00 0.00 0.01
C17+ 0.00 0.00 0.00 0.00
total cycloaromatic compounds 0.00 0.00 5.10 4.27
alkylnaphthalenes SIP HEFA Jet A-1 F-24
C10 0.00 0.00 0.21 0.07
Cl11 0.00 0.00 0.76 0.30
C12 0.00 0.00 0.11 0.42
C13 0.00 0.00 0.00 0.26
C14 0.00 0.00 0.00 0.09
C15 0.00 0.00 0.00 0.04
Cl6+ 0.00 0.00 0.00 0.00
total alkylnaphthalenes 0.00 0.00 1.08 1.18
total aromatic compounds 0.06 0.03 20.69 18.23

regression method is the definition of V4. While this term refers to the
maximal covariance in X, the term references the maximal covariance
between X and Y in PLS. When considering each hydrocarbon class as a
single predictor, PLS is a very powerful tool with great predictive
capabilities. However, in very highly underdetermined systems, PLS
may not perform as effectively. Despite this, PLS is capable of com-
pensating for these systems to some extent [17-19].

The final model relies heavily on Support Vector Machines (SVM).
The philosophy behind SVM is to apply a machine learning method
onto creating a linear regression model [20]. This model can be derived
by applying a least squares regression formula on a derived SVM model,
Eq. (4).

yx) = Zszl @K (x, x) + b 4)

which is then considered given a training set {x, y, }t—,. Consecutively,
these parameters can be estimated using stochastic gradient descent
(SGD) or dual coordinate descent (DCD) method. While both can be
used for large scale optimization of the SVM model, the SGD method
depends on a stochastic factor z; added to a gradient descent method
expressed in Eq. (5).

W1 = WY, Vi Q (24, wy)

)]

In spite of the fact that the above model is a drastic simplification of
the gradient descent method, this results in an approximation of the
true gradient that can include a lot of noise [21]. Alternatively, the DCD
method is a newer method, which can more efficiently solve linear SVM
methods [22,23]. Both methods were observed to be suitable for cases
with underdetermined systems, which is useful in creating a predictive
model that accounts for each compound.

3. Results and discussion
3.1. GC x GC qualitative analysis

When calculating the density of a group of compounds two ap-
proaches can be used. An average density can be calculated by con-

sidering the density of every compound of a particular hydrocarbon
class and carbon number. However, this process can become very
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cumbersome as the number of isomers in a given compound group in-
creases. For example, finding the density of n-paraffin with eight car-
bons involves finding the density of only a single compound: n-octane.
However, determining the average density of all alkylbenzenes with
eight carbons requires involving five isomers (ethylbenzene, 1,1-di-
methylbezene, 1,2-dimethylbezene, 1,3-dimethylbezene, and 1,4-di-
methylbezene). The number of structural isomers (not including en-
antiomers) for dodecane, tridecane, and tetradecane are 355, 802, and
1858, respectively. The complexity of this approach is avoided by using
the second approach, which is based on a singular compound used to
represent each hydrocarbon class and carbon number. Therefore, the
GC X GC-TOF/MS chromatograms were studied for all 38 samples.
After considering only those peaks with a minimum similarity score of
700 and excluding any peaks that were identified as the same com-
pound (except that with the greatest peak area), a total of 10,667 peaks
were detected with peak area percent over 0.000672%. The re-
presentative compound was selected as the compound with the greatest
peak area percent for each compound class, only if the density for that
compound could be found in the literature. The approach for the cases
where density was not found is explained in Section 3.3.

3.2. GC x GC quantitative analysis

The standards utilized for the determination of the linear range of
the signal obtained using the GC x GC instrument were n-nonane and
naphthalene with concentration values in the range of 1-500 ppm. The
regression coefficient (R?) values of 0.9999 and 0.9998 for n-nonane
and naphthalene, respectively, validated linearity. Reliability of the
GC X GC method was validated by comparing the results to those from
three US military research labs. A sample chromatogram of the set of
experiments is displayed in Fig. 1. Table 2 provides the comparative
data obtained for the four samples representing different fuel types.

Petroleum-derived jet fuels contain approximately 2000 hydro-
carbon compounds. For the purpose of classification, these compounds
were divided into pertinent groups based on their hydrocarbon classes
and carbon number (GC X GC-FID classification). After this division,
depending on the number of possible isomers, each compound group
contained one (n-paraffins, naphthalene, etc.) or several compounds.
Jet fuels can also contain trace amounts (ppm) of heteroatoms (S, N, O),
which are strictly limited for aviation jet fuels (ASTM D1655) and
aviation jet fuel blending components (ASTM D7566). Therefore, the
classification did not take heteroatoms into consideration.

3.3. WA method

Stemming from the fact that volume is an additive property for
hydrocarbon mixtures, it is reasonable to assume that density is also an
additive property. Thus, the WA method can be considered as an ef-
fective approach for fuel (hydrocarbon mixture) density calculations. In
order to utilize the WA method for correlation of the chemical com-
position and density, a representative compound was selected for
groups that contained more than one compound, as discussed above. In
some cases, (C18- and Cl9-isoparaffins, Cl6- and C18-mono-
cycloparaffins, and Cl5-alkylnaphthalenes), the density of re-
presentative compounds could not be found in the literature. For these
compound groups, a different representative compound was chosen for
which the density could be found in the literature. New representative
compounds were chosen to have only methyl- alkyl groups for iso-
paraffins; and only a single alkyl chain for monocycloparaffins and al-
kylnaphthalenes. Representative compounds and their measured or
estimated densities obtained from the literature are shown in Table 3.
The density values of these compounds were subsequently used in the
calculations. Utilizing the 14 values measured here and the 55 values
found in literature, a density matrix was composed. It should be noted
that if density values at 15 °C were not available in the literature, values
at two separate temperatures were utilized to intra- or extrapolate,
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assuming a linear relationship between density and temperature in that
temperature range. Density values taken from the literature for tem-
peratures different from 15 °C can be found in Supplemental material
(Table S1). In cases where none of the above steps were possible, the
representative compound was assigned to be the one having the next
greatest peak area percentage (quotient of peak area and a total peak
area of chromatogram).

Above approach is different from the one published previously [14],
where the authors used the average density of the most abundant
compounds in each group. The advantage of the current method (re-
presentative compound as opposed to density average) lies in the fact
that all compounds in a given class have similar densities [14].
Therefore, using the density values of compounds with the greatest
peak area percent offers a simpler and faster approach. Additionally,
this method has the potential to produce more accurate results than
using the average density values of some compounds within the group.

Fig. 2 depicts a plot of measured density versus density obtained
using GC x GC-FID and the WA method. In general, the WA method
predicted slightly lower density values than the empirical values. Both
data sets (calibration and validation) were measured. In this case, the
validation set served rather expand the total sample set than validation.
However, all data points were within a range of + 2% relative error.
The mean absolute percentage error (MAPE) was 0.6855% and the
correlation coefficient (R%) was 0.9327. The repeatability and re-
producibility of ASTM D4052 are 0.00045-0.00031 and
0.0019-0.0344 g/cm®, respectively. Therefore, the WA method gave
some results with relative errors that were higher than the repeatability
and/or reproducibility of ASTM D4052. Therefore, utilizing a more
effective algorithm has the potential to decrease the error observed for
the WA method.

3.4. PLS and SVM method

In this study, composition matrix refers to the matrix of weight
fraction data generated by GC x GC-FID. The algorithms utilized the
composition matrix in one of two ways: (i) weight fractions of each
carbon number in per hydrocarbon class were summed and used as a
predictor; seven predictors total, or (ii) the weight fraction of each
compound in the compositional matrix was used; 98 predictors in total.
Density matrix is the matrix of density values of the representative
compounds for each group. The product matrix is the result of an ele-
mentwise multiplication of composition and density matrices. The
product matrix was used in the same way as the composition matrix to
improve the predictive capabilities of the model.

PLS and SVM methods were applied to the compositional matrix as
well as the product matrix. When using 98 predictors, 25 predictors
were disregarded due to one of three reasons: (i) compound of that
compound group does not exist (e.g., C8-alkylnaphthalenes), (ii) no
members of that compound group were detected in any fuel samples, or
(iii) the model placed insignificant weight on the predictor. For the
product matrix, 30 predictors were disregarded for the same reasons.

A disadvantage to the approach described above is the under-
determination of the predictor matrix. However, PLS method can pre-
vent the overfitting problem that occurs with an underdetermined
system through maximizing covariance. Unlike PLS, SVM is capable of
regulating the data during the “learning” procedure. This is an alter-
native way to prevent overfitting. In order to prevent overfitting for the
underdetermined case, the ridge method (Tikhonov regularization) was
used for regulation.

Table 4 shows the model coefficients of different composition-den-
sity correlations for the approach with seven predictors. In Table 4, the
first coefficient stands for intercept, while the other coefficients corre-
spond to the sum of each hydrocarbon class in the order aforemen-
tioned. The coefficients for the approach with 98 predictors can be
found in Supplementary material (Table S2). Eq. (6) was used for cal-
culating density by using seven predictors (n = 7) or 98 predictors
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Selected compounds and their density values at 15 °C. A single citation represents density found in literature at 15 °C, two citations represent density estimated from
two density values found in the literature, and no citation represents density determined experimentally in this work.

compound Hydrocarbon class” Carbon number density
(g/cm?)

n-heptane A 7 0.6884
n-octane A 8 0.7072
n-nonane A 9 0.7221
n-decane A 10 0.7341
n-undecane A 11 0.7443/[24]
n-dodecane A 12 0.7528
n-tridecane A 13 0.7601/[25,25]
n-tetradecane A 14 0.7669/(26,27]
n-pentadecane A 15 0.7726
n-hexadecane A 16 0.7768/(28,28]
n-heptadecane A 17 0.7815/[29,29]
n-octadecane A 18 0.7852/(29,30]
n-nonadecane A 19 0.7889/(29,29]
3,3-dimethylpentane B 7 0.6973/[31,32]
2,4-dimethylhexane B 8 0.7083/[33]
4-ethyl-2-methylhexane B 9 0.7270/[29,29]
2-methylnonane B 10 0.7247/[34,35]
2-methyldecane B 11 0.7407/[36,36]
2,2,4,6,6-pentamethylheptane B 12 0.7508/[37,38]
3-methyldodecane B 13 0.7618/(36,36]
3-methyltridecane B 14 0.7685/[36,36]
2,6,10-trimethyldodecane B 15 0.7810/[39,40]
2,2,4,4,6,8,8-heptamethylnonane B 16 0.7881
4-methylhexadecane B 17 0.7824/[36,36]
2-methylheptadecane B 18 0.7837/[36,36]
2,6,10,14-tetramethylpentadecane B 19 0.7865/[41,42]
ethylcyclopentane C 7 0.7708/[43,43]
ethylcyclohexane C 8 0.7923/[44,44]
1-ethyl-1-methylcyclohexane C 9 0.8063
butylcyclohexane C 10 0.8032
pentylcyclohexane C 11 0.8086/(29,45]
hexylcyclohexane C 12 0.8118/[46,46]
heptylcyclohexane C 13 0.8144/(29,29]
octylcyclohexane C 14 0.8172/[29,29]
1-(1,5-dimethylhexyl)-4-methylcyclohexane C 15 0.8280/[47]
decylcyclohexane C 16 0.8220/(48,48]
undecylcyclohexane C 17 0.8240/[29,29]
dodecylcyclohexane C 18 0.8256/(29,29]
octahydropentalene D 8 0.8702/[49,50]
octahydro-1H-Indene, cis- D 9 0.8839/[49,51]
decahydronaphthalene D 10 0.8734
2-syn-methyl-cis-decalin D 11 0.8823/(52,53]
2-ethyldecahydronaphthalene D 12 0.8842/(53,53]
2-methyl-1,1"-bicyclohexyl, cis- D 13 0.8881/(53,54]
1-(cyclohexylmethyl)-2-methylcyclohexane, trans- D 14 0.8879/[53,55]
decahydro-1,6-dimethyl-4-(1-methylethyl)naphthalene D 15 0.8883/[56]
1,1’-(1-methyl-1,3-propanediyl)bis-cyclohexane D 16 0.8833/(57,57]
toluene E 7 0.8715
1,3-dimethylbenzene E 8 0.8685
1,2,3-trimethylbenzene E 9 0.8984/[58,58]
1,2,3,4-tetramethylbenzene E 10 0.9077/[59,60]
1-sec-butyl-4-methylbenzene E 11 0.8700/(29,29]
hexylbenzene E 12 0.8615/(28,28]
heptylbenzene E 13 0.8604/[29,29]
octylbenzene E 14 0.8599/(61]
1-(1,5-dimethylhexyl)-4-methylbenzene E 15 0.8524/[47]
indane F 9 0.9680/[62,62]
1,2,3,4-tetrahydronaphthalene F 10 0.9727
2,3-dihydro-1,6-dimethyl-1H-indene F 11 0.9313/[63,63]
1,2,3,4-tetrahydro-5,7-dimethylnaphthalene F 12 0.9629/[29,29]
1,2,3,4-tetrahydro-1,1,6-trimethylnaphthalene F 13 0.9362/[64,65]
6-(1,1-dimethylethyl)-1,2,3,4-tetrahydronaphthalene F 14 0.9463/(66]
6-(1-ethylpropyl)-1,2,3,4-tetrahydronaphthalene F 15 0.9321/(67,67]
naphthalene G 10 1.0168/(68,68]
1-methylnaphthalene G 11 1.0278
1,7-dimethylnaphthalene G 12 1.0060/[29,29]
1-propylnaphthalene G 13 0.9916/(29,69]
1-methyl-7-(1-methylethyl)naphthalene G 14 0.9797/[70]
pentylnaphthalene G 15 0.9716/(71,29]

? A - n-paraffins, B - isoparaffins, C — monocycloparaffins, D — di- and tricycloparaffins, E - alkylbenzenes, F — cycloaromatic compounds, and G - alkyl-

naphthalenes.
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Fig. 2. Measured density versus density obtained using GC X GC-FID data and
the WA method.
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Fig. 3. Measured density versus density derived from GC X GC-FID data and
the PLS method.

Table 4

Correlation coefficients for PLS and SVM using seven predictors.
Correlation Coefficients
PLS product o = 0.38293, B, = [0.00470, 0.00500, 0.00596, 0.00508,

PLS composition

SVM product

0.00519, 0.00614, 0.00637]

By = 1.55109, B, = [—0.00831, —0.00788, —0.00683,
—0.00722, —0.00711, —0.00573, —0.00504]

By = 0.40919, B, = [0.00423, 0.00466, 0.00582, 0.00451,

0.00512, 0.00533, 0.00574]
By = 0, B, = [0.00727, 0.00760, 0.00885, 0.00797, 0.00836,
0.00936, 0.00951]

SVM composition

(n = 98). Table 5 presents a comparison of the results obtained using
each correlation and the product matrix (product) or the composition
matrix (composition) for calibration and validation set. The PLS method
predicted the density values of aviation jet fuels (at 15°C) with the
lowest mean absolute percentage error and the highest R? value when
seven predictors were used. However, the SVM method predicted the
density values of jet fuels most accurately when 98 predictors were
used. The product matrix improved the results for both models. Figs. 3
and 4 display plots of measured density values versus density values
derived from GC x GC-FID data output utilizing PLS and SVM methods
for both calibration and validation sets, respectively.

p=Fo+ (X, BWe)

where g, is the intercept, 5, is the coefficient of the compound group a,
and W, is the wt% of the compound group a.

(6)

O SVM product (7) +0.5%
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Fig. 4. Measured density versus density derived from GC x GC-FID data and
the SVM method.

4. Conclusions

In this study, a method for the determination of density from che-
mical compositions determined via two-dimensional gas chromato-
graphy with FID was developed for aviation fuels and alternative fuel

Table 5

Comparison of mean absolute percentage errors (MAPE) and correlation coefficients (R?).
Correlation Calibration set Validation set Total set

MAPE (%) R? MAPE (%) R? MAPE (%) R?

PLS product (7) 0.2575 0.9769 0.2508 0.9938 0.2559 0.9746
PLS composition (7) 0.3493 0.9584 0.4884 0.9842 0.3827 0.9459
SVM product (7) 0.2425 0.9742 0.1970 0.9964 0.2315 0.9744
SVM composition (7) 0.3231 0.9530 0.1304 0.9873 0.2769 0.9546
WA (98) 0.7672 0.9330 0.4064 0.9536 0.6855 0.9327
PLS product (98) 0.1914 0.9879 0.1621 0.9947 0.1844 0.9869
PLS composition (98) 0.1912 0.9877 0.1193 0.9940 0.1740 0.9874
SVM product (98) 0.1068 0.9970 0.1299 0.9972 0.1124 0.9961
SVM composition (98) 0.1130 0.9967 0.0522 0.9976 0.0984 0.9967
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blending components. This work focused on density values at 15°C,
which is a standard in the aviation industry. Three correlation algo-
rithms were explored: the weighted average method (WA), partial least
squares regression (PLS), and a high dimensional algorithm using
regulated support vector machines method (SVM). Density results de-
rived this way were compared to those obtained empirically from a
Stabinger Viscometer via ASTM. When using the summed wt% of each
hydrocarbon class, the SVM method yielded the most accurate predic-
tion with a mean absolute percentage error (MAPE) of 0.2315%.
Alternatively, when 98 predictors were used, the SVM method was
observed to yield the most accurate results with a MAPE of 0.0984%.
Additionally, use of the product matrix improved the results for both
models. Moreover, these methods were validated utilizing uncalibrated
validation samples. This work can be expanded to additional fuel
properties that will enable the manufacturing of alternative aviation
fuels with the specific chemical composition.
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