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a b s t r a c t
Real fuels used in combustion devices are complex mixtures of hundreds to thousands of compounds. Understanding the eﬀect of fuel composition variability on important high temperature combustion properties such
as pyrolysis product mole fractions and ignition delay times is important for the design of practical devices. In
recent works, the eﬀects of variations in fuel compositions on combustion properties were studied using Monte
Carlo simulations. It was found that combustion properties follow a Gaussian-like distribution with decreasing
variation (2𝜎/μ) as the fuel palette size increases. The present work attempts to investigate this behavior from
the viewpoint of statistical fundamentals. The basis to our investigation is premised on the ability to express combustion properties of blends as the weighted harmonic and arithmetical means of pure component combustion
properties in the palette, with the weights being mole fractions. Real fuel compositions were analyzed to justify
our selection of a probability distribution for generating random mole fractions. Four diﬀerent palettes from the
literature, comprising 18, 22, 32, and 58 components, respectively, were selected to test our approach. For random compositions of each palette, both mean and standard deviation of the combustion properties from proposed
statistical formulae were found to be within ﬁfteen percent of Monte Carlo simulations. Furthermore, we utilize
our statistical methodology to further understand the role of fuel composition variability on high temperature
combustion properties. The aim of this study is to provide statistical inference to the ﬁndings of prior literature,
while presenting more validated sets and simple quantitative formulae that serve as an initial screening prior to
computationally expensive Monte Carlo simulations.

List of symbols and deﬁnitions
Palette a group of pure components
𝜇
mean of a combustion property or product mole fraction
(=’mean’)
𝜎
standard deviation of a combustion property or product mole
fraction
𝑛
number of components in fuel or palette
𝑛𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 number of components in fuel beyond which combustion
properties vary only slightly (as per a user-deﬁned threshold)
𝑛𝑓 𝑢𝑙𝑙
total number of components in a palette from which a subpalette can be created
𝑥𝑖
mole fraction of component i
𝑌𝑖
value of product i (could be IDT, or pyrolysis product mole
fractions)
Ci
pyrolysis mole fractions of a pure component feed
IDT
ignition delay time
𝜀
variation (= 2𝜇𝜎 )
𝜏
ignition delay time

∗

𝑉 𝑎𝑟
𝛼
𝛽
R.H.S
L.H.S
PDF

variance
a parameter in Wald distribution
a parameter in Wald distribution
right hand side
left hand side
probability density function

1. Introduction
Transportation fuels like gasoline, diesel, jet and marine fuels, are
mixtures of hundreds to thousands of hydrocarbons [1,2]. Research on
real fuel combustion behavior is needed to improve engines, and for
that, accurate fuel characterization and combustion kinetic modeling
is important. Given the complexity of real fuels [3–17], this is a challenging task. Fuels can be characterized by detailed hydrocarbon analysis and advanced techniques like two-dimensional gas chromatography (GC). However, due to species’ peak overlaps especially in complex
mixtures, experimental uncertainties often exist in such measurements.
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Therefore, it is of interest to know how combustion properties vary with
respect to uncertainties in fuel composition. This study focuses on modeling the uncertainty caused by fuel composition variations, using case
studies generated from diﬀerent chemical kinetic models. High temperature combustion property variations are studied by indiscriminately
varying mole fractions of all components of a feed/palette in an identical random manner.
Interest in studying these uncertainties and leveraging them for kinetic modeling has increased recently. Wang et al. [3,18] used numerous simulations based on Monte Carlo random fuel compositions from a
uniform [19] closure (mole fractions being normalized, uniformly distributed random numbers between zero and one). Variations in combustion properties were analyzed at diﬀerent operating conditions to derive
conclusions on how pyrolysis mole fractions and ignition delay time
(IDT) vary with fuel composition. First, they observed a Gaussian-like
trend of results when the fuel composition is randomly varied in a uniform closure. Also, the variation (2𝜎/μ), of the Gaussian curve increased
when a lower number of components were randomly selected from the
given fuel palette (full palette [18] having 18 components). They performed Monte Carlo simulations using the JetSurF kinetic model [20] to
prove that if the number of fuel components is more than ~14, then
the simulated IDTs and pyrolysis mole fractions at high temperatures
(~ 1300 K) have a 2𝜎/μ lower than that discernible by experiments
given typical uncertainty limits (i.e., 20% 2𝜎/μ in IDT measurement
and mole% of the pyrolysis product, ethylene). The variation further
decreased if there was a constraint on fuel composition based on H/C
ratio and lower heating value. However, their observations were limited to the 18-component palette that they selected. Another study by
Khaled and Farooq [25] adopted the Dirichlet distribution to generate
random mole fractions. They studied the high temperature ignition delay time (IDT) for large-component number mixtures (palette size 22,
formulated using the KAUST model [27]), and were able to derive an
empirical correlation for IDT purely as a function of pressure, temperature and equivalence ratio, irrespective of the component identities of
the palette.
The above two studies intended to show that for a large-componentnumber fuel, high temperature combustion properties are insensitive to
the actual mole fractions of components. The standard deviations are reported to be “low”, but not quantiﬁed (“how low”). Additional questions
arise. Does the insensitivity of combustion properties for large palettes
hold for any palette or does it depend on the pure component properties? How does the 2𝜎/μ change from palette to palette? Could there
be a mathematical equation to quantify 2𝜎/μ based on pure component
properties? What is the basis of assigning random mole fractions from
either a uniform or Dirichlet closure? The present work addresses these
questions.
In this work, three methods of generating random mole fractions are
compared: uniform closure, normal closure and Dirichlet distribution
[21]. The appropriate closure was selected by studying compositional
trends in real gasolines and naphthas [22,26–29]. A statistical analysis is then performed using the selected probability distribution and is
validated using four surrogate palettes [18,23–25] by comparing with
Monte Carlo results. Along with the palettes used by Wang et al. [20] and
Khaled and Farooq [25], we consider another model with 32 surrogate components – the Ansys Chemkin model fuels consortium model
[23], which has been validated for combustion properties for a large
range of components from diﬀerent hydrocarbon classes. Experimental data for validation of the Ansys model [23] include: laminar ﬂame
speeds of hydrogen/oxygen/helium mixtures [46]; IDTs of toluene reference fuel/air mixtures [47], FACE G gasoline surrogate/air mixtures
[27], HRD-76 diesel surrogate/air mixtures [48], and Jet-A/air mixtures
[49]; soot-particle size distribution in a toluene ’G7′ ﬂame [50]; engine
pressure proﬁles and soot volume fractions in an optical diesel engine
[51]; exhaust soot mass, soot size distribution, and pressure proﬁles for
an engine with FACE-9 diesel [52]; and pyrolysis of various formulations of toluene primary reference fuels [43–45]. Similarly, Zamostny
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et al. [24] performed pyrolysis experiments with 58 pure components
of diﬀerent classes, so these same components are employed in another
palette. In total, four palettes are considered here. The composition of
these four palettes is discussed later.
The intent of this work is to articulate the ﬁndings of previous work
through statistical analysis. High temperature IDT and pyrolysis of randomly generated blends are ﬁrst expressed as harmonic and arithmetic
means, respectively, of pure component properties. Using statistical maneuvering, formulae for mean and standard deviation of combustion
properties are derived, and then compared against those obtained by
conventional Monte Carlo simulations. A formula was further derived
for the variation of combustion property from a random sub-palette and
compared to results reported in the literature. These formulae were validated using the four diﬀerent fuel palettes from various kinetic models
and experimental data, with 18, 22, 32, and 58 components, respectively
[18,23–25].
2. Methodology
2.1. Selection of probability distribution for fuel mole fractions
Random parameter studies are usually performed to understand the
eﬀect of a particular parameter on a dependent property. In the present
case, the randomly varying parameter is feed composition and the properties of interest are high temperature IDT and pyrolysis product mole
fractions. Other independent parameters considered to be constant are
T, P, equivalence ratio (𝜙), and a validated chemical kinetic model. In
this study, feed composition is expressed in mole fractions, which should
total to one. If random mole fractions are generated, their sum should be
one, making these mole fractions dependent random numbers. One way
of ﬁnding ‘n’ random mole fractions is to ﬁnd ‘n’ random numbers from
a uniform distribution and normalize them to a sum of one. A uniform
distribution generates random positive numbers between zero and one
and is signiﬁed by 𝑧𝑗 ∼ 𝑈 (0, 1). This distribution was used for random
composition generation in the literature [18]. Another source of random
mole fractions is the Dirichlet distribution, which was also used in literature [25]. Another possibility might be to ﬁnd random PDF (probability
density function) values from a Gaussian curve between 0 and 1 and
normalize them to a sum of one. This can be termed as a normal closure.
The supplementary material pictorially depicts the uniform closure and
a particular instance of a normal closure, 𝑁(μ, σ2 ), 𝜇 = 0.5, 𝜎 = 0.05 in
Figs. S1 and S2. The question is: Which source of random mole fractions
is more appropriate for a random fuel composition study? Each source
oﬀers its own spread of combustion property, as can be seen in Fig. 1.
The selection of a probability distribution may inﬂuence literature reported conclusions that a large palette yields negligible 2𝜎/μ.
Fig. 1 shows that random composition from a uniform closure display the least variation in combustion property, followed by Dirichlet,
and then the normal closure giving the largest variation. Note that compositions from the normal closure are derived from the gaussian curve
𝑁(μ, σ2 ), 𝜇 = 0.5, 𝜎 = 0.05. Dirichlet closure compositions are derived
from Dirichlet distribution with parameter 𝛼 = 1, in line with previous
literature [25]. To choose one of the three distributions for this study, it
was essential to analyze mole fraction trends in real fuels to see whether
they resemble a uniform, Dirichlet, or normal closure. The goal is to
compare randomly generated compositions using the various closures
to see which ones resemble real fuels. When a real fuel composition is
arranged in increasing order of mole fraction magnitudes, it can easily
be compared with the ascending order mole fraction magnitudes from
uniform, Dirichlet, and normal closures.
Detailed hydrocarbon analysis (DHA) of eight commercial gasolines
were obtained for FACE A and FACE C [26], FACE F and FACE G [27],
FACE I and FACE J [28], Haltermann US EPA Tier III and Coryton EURO
V [29]. These gasolines have component numbers ranging from 34 to
86. The objective was not a perfect match, but a reasonable match with
a probability distribution that will facilitate our subsequent statistical
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Fig. 1. Probability density function of IDT (1 atm, 1300 K, stoichiometric) for JetSurF 18-component full palette [18] with three random fuel composition types.

Fig. 2. Hydrocarbon classes present in four palettes in this study.

analysis. The results section compares the mole fractions from diﬀerent
probability distributions with that of the real fuels.

2.2. Fuel palette selection
For this study, four fuel palettes were chosen with 18, 22, 32,
and 58 components, respectively, from literature sources [18,23–25].
These palettes are hereafter referred to as: JetSurF, KAUST, Ansys, and
Zamostny, respectively; they cover the following hydrocarbon classes:
n-paraﬃns, i-paraﬃns, oleﬁns, cyclooleﬁns, naphthenes, aromatics, and
oxygenates. Details of the compounds in each of the palettes is shown
in supplementary material Tables S1–S4; a summary is shown in Fig. 2.

The JetSurF palette was employed by Xu and Wang [18] in a Monte
Carlo study using a uniform closure to generate random mixtures. The
KAUST palette [25] employed Dirichlet closure and performed a Monte
Carlo study on IDT from random compositions. The Ansys palette model
with 32 components [23] has been proven to predict the IDT of blends
well, as shown in the original article, as well as pyrolysis of blends (from
data reported in the literature) shown in the supplementary material,
Figs. S4–S11. Zamostny et al. [24] did pyrolysis experiments with 58
pure compounds, thereby providing a 58-component palette. By applying a uniform closure, a large number of random mixtures can be generated and Monte Carlo simulations can be performed to calculate IDTs
and pyrolysis mole fractions at various conditions. Then, Gaussian-like
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Fig. 3. Random ternary mixtures of toluene, n-heptane and i-octane (TPRF) constituting 0.1 mole fraction of TPRF hydrocarbon in N2 dilution for demonstration of
Eq. (2) using Ansys model [23] for pyrolysis at 1100–1500 K, 1atm, 1 ms, isobaric adiabatic batch reaction conditions.

curves for combustion properties can be plotted. This is the conventional practice in the literature. In this study, statistical fundamentals
were explored to derive equations for estimating IDT and pyrolysis mole
fractions, and to estimate means and standard deviations of combustion properties similar to those obtained by computationally-expensive
Monte Carlo simulations.
2.3. Blending rules for IDT and pyrolysis
It is well known [25,39,40] that the high temperature IDT of a blend
is the weighted harmonic mean of the IDTs of the pure components
(weights being the respective mole fractions), as shown in Eq. (1)
𝜏=

𝑥1
𝜏1

+

𝑥2
𝜏2

1
+…+

𝑥𝑛
𝜏𝑛

(1)

For high temperature pyrolysis of a hydrocarbon blend, we propose
that the mole fraction of a product species is approximately equal to the
weighted arithmetic mean of the mole fractions of the same species obtained from the pyrolysis of pure components of the blend at the same
operating conditions, the weights being the mole fractions of the components comprising the hydrocarbon blend. This proposal intuitively seems
appropriate. In the case of IDT, the component with the least IDT skews
the blend IDT toward lower values (leading to the harmonic mean formula). However, in the case of pyrolysis, the contributions of the feed
components to the product spectrum only add up and are not skewed
toward a lighter or heavier component. This originates from an experience in industrial steam cracking, but will be veriﬁed in this work. This
proposal can be represented as Eq. (2)
𝑦 = 𝑥1 𝐶1 + 𝑥2 𝐶2 + … + 𝑥𝑛 𝐶𝑛

(2)

For example, if a hydrocarbon blend is pyrolyzed at a given operating
condition, then the pyrolysis product mole fraction (𝑦) (e.g., ethylene)
can be calculated from C1 , the ethylene mole fraction at the same condition for pyrolysis of pure component “1″, multiplied by 𝑥1 , the mole
fraction of component “1″ in the hydrocarbon blend and summed up for
∑
all reactant species, where ( 𝑥𝑖 = 1).
To demonstrate the validity of Eq. (2), the Ansys Chemkin kinetic
model [23] was chosen. The model has been shown to accurately predict
experimentally measured pyrolysis mole fractions for various toluene
primary reference fuels (Supplementary Material Figs. S4–S11) [43]. A
0.1 mole fraction hydrocarbon mixture in nitrogen was formulated with
various proportions of toluene, n-heptane and i-octane adding up to 0.1,
as shown in the ternary diagram in Fig. 3.
The random feeds in Fig. 3 were simulated in Chemkin Pro [42] at
various temperatures between 1100 and 1500 K, 1 atm, 1 ms, isobaric
adiabatic batch reactor using the Ansys model [23], and the results were

compared with those obtained by the arithmetic mean in Eq. (2). The
results are shown in Section 3b.
2.4. Equations to calculate the mean and standard deviation of combustion
properties for random mixtures
In this section, we derive equations that can be used to estimate
the mean and standard deviation of combustion properties for random
mixtures generated with a given palette. These equations are derived
separately for pyrolysis mole fractions and IDT using the aforementioned arithmetic and harmonic mean blending rules, respectively. For
derivation of equations, we assume that the random mole fractions are
obtained from uniform closure probability distribution, the choice of
which is justiﬁed in Section 3. We also apply the blending rules stated
above, which is validated for the pyrolysis case in the Section 3.
2.4.1. Pyrolysis
Applying the mean to both sides of Eq. (2) produces:
(
)
𝑚𝑒𝑎𝑛(𝑦) = 𝐶1 + 𝐶2 + … + 𝐶𝑛 𝑚𝑒𝑎𝑛(𝑥)

(3)

Since 𝑥𝑖 values in Eq. (2) are all derived from the same random procedure, their means are the same. Since they total to one, 𝑚𝑒𝑎𝑛(𝑥) = 1𝑛
(law of large numbers). Therefore, Eq. (3) can be re-written as:
∑
𝐶𝑖
𝜇=
(4)
𝑛
Next, variance is applied on both sides of Eq. (2). The supplementary
material shows the derivation of Eq. (5), wherein the standard deviation
of pyrolysis product mole fractions is given as:
𝜎𝐶
𝜎= √𝑖
(5)
3𝑛
where 𝜎𝐶𝑖 is a measure of the spread of 𝐶𝑖 ′ 𝑠, which can be calculated
by the same formula as for the standard deviation. For example, for the
JetSurF palette, because there are total 18 pure components (leading to
18 diﬀerent 𝐶𝑖 ′ 𝑠), 𝜎𝐶𝑖 is the standard deviation of 𝐶𝑖 ′ 𝑠 of this 18-data
point population. The variance of random mole fraction from a uniform
closure can be expressed as Eq. (6), which was used in the derivation of
Eq. (5),
(
)
(
)
𝑈 (0, 1)
𝑈 (0, 1)
𝑉 𝑎𝑟(𝑥) = 𝑉 𝑎𝑟 ∑
≈ 𝑉 𝑎𝑟
𝑛∕2
𝑛 𝑈 (0, 1)
=

4
4 1
1
𝑉 𝑎𝑟(𝑈 (0, 1)) =
=
𝑛2
𝑛2 12
3𝑛2

(6)

Also, as Eq. (2) represents a linear combination of almost independent random variables 𝑥𝑖 , the central limit theorem states that the probability density function of 𝑦 would be Gaussian in shape. 𝑥𝑖 is said to
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Fig. 4. Matching mole % in commercial gasolines to best possible mole % of a random composition with equal number of components.

be almost independent because the sum of 𝑥𝑖 being one means that they
are dependent, but for a large palette size (typically larger than 14),
the Pearson coeﬃcient is below 20%. Therefore, the random mole fractions do exhibit a high degree of independence (supplementary material
Fig. S12).

of large numbers. Re-arranging, the mean of the ignition delay time can
be expressed as Eq. (7):

2.4.2. Ignition delay time
In Eq. (1), when the unbiased random compositions are averaged,
the mole fraction of each feed component would be 1∕𝑛 from the law

Eq. (7) shows that the mean IDT for randomly blended mixtures is
the unweighted harmonic mean of pure component IDTs under the same
conditions of T-P-𝜙.

𝑛
𝜏𝑚𝑒𝑎𝑛 = 𝜇𝐼𝐷𝑇 = ∑
1

(7)

𝜏𝑖
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Fig. 5. Matching mole % in commercial gasolines to best possible mole % of a random composition with equal number of components, including comparison with
Dirichlet distribution.

Deriving the standard deviation of ignition delay time distribution
is more challenging. As discussed earlier, according to the central limit
theorem, the denominator of R.H.S. of Eq. (1) should have a normal
distribution. The denominator of R.H.S. of Eq. (1) is analogous to the
R.H.S. of Eq. (2). So, similar to Eqs. (4) and (5), we get Eqs. (8) and (9):
1
=𝜇1
𝜏𝑖
𝜏𝑖

∴𝜇𝑑𝑒𝑛𝑜𝑚𝑖𝑛𝑎𝑡𝑜𝑟 = 𝑎𝑟𝑖𝑡ℎ𝑚𝑒𝑡𝑖𝑐 𝑚𝑒𝑎𝑛 𝑜𝑓
𝜎1
𝜏
∴𝜎𝑑𝑒𝑛𝑜𝑚𝑖𝑛𝑎𝑡𝑜𝑟 = √ 𝑖
3𝑛

(8)

(9)

Therefore, the normally-distributed denominator of Eq. (1) is well
deﬁned by the mean and standard deviation in Eqs. (8) and (9), respectively. Ignition delay time is the reciprocal of this normally distributed
random variable, which generally resembles a Wald distribution (or inverse Gaussian distribution). It is deﬁned by the two parameters 𝛼 and
𝛽 so that [41]:
𝜇𝐼𝐷𝑇 =

1
𝛼

(10)

2
𝜎𝐼𝐷𝑇
=

𝛽
𝛼3

(11)

For a Wald distribution, the mean and variance of the reciprocal of
the Wald random variable (which results in normal distribution) are
well reported [41]. Re-arranging the above equations and solving them,
as shown in the supplementary material Eqs. (S1)–(S7), we ﬁnally get
the expression for the standard deviation of IDT, as shown in Eq. (12):
√ (
)
√
√
√
4 2
√4
2
𝜇 1 + 3𝑛 𝜎 1 − 𝜇 1
√
√
𝜏𝑖
𝜏𝑖
𝜏𝑖
√
𝜎𝐼𝐷𝑇 = √
(12)
)3
√(
√
√
√ 3𝜇 − 𝜇 2 + 4 𝜎 2
1
1
3𝑛 1
𝜏𝑖

𝜏𝑖

𝜏𝑖

Therefore, Eqs. (7) and (12) oﬀer the mean and standard deviation of
ignition delay time for random compositions of an ‘𝑛’ component feed.
Hence, simple equations were derived for estimating the mean and
standard deviation of pyrolysis mole fractions and IDT for random feed
compositions from a uniform closure for a full palette. However, if a random sub-palette of a ﬁxed size is chosen from a full-palette, the mean
combustion property remains the same as that for a full palette, since
there would still be an equal probability of choosing each component;
however, the standard deviation of the combustion property will increase. As is derived and validated in the supplementary material, the
standard deviation would be inversely proportional to the ﬁrst power of
palette size, as shown in Eq. (13). Hence, 𝑛𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 is not a constant as
reported in Xu and Wang [18], and can be calculated, as shown in the

Fig. 6. C9 H12 aromatic distribution in commercial feeds [22,30,33,37,38], and
from uniform, normal, and Dirichlet random distributions.

supplementary material.
𝑛𝑓 𝑢𝑙𝑙
𝜎𝑛
=
𝜎𝑓 𝑢𝑙𝑙
𝑛

(13)

3. Results and discussion
3.1. Performance of diﬀerent probability distributions on capturing real
feed composition
Fig. 4 compares sorted mole fractions from diﬀerent probability distributions with sorted mole fractions of real fuels. It should be noted
that these gasoline fuels are not random mixtures, as they are produced
in reﬁneries to meet speciﬁc targets (e.g., octane numbers, distillation
curve, etc.); however, we use their compositions to show the nature of
species mole fraction distributions.
The Dirichlet distribution is not shown in Fig. 4 as it overlaps with
uniform closure; therefore, it is shown for two sample plots on a diﬀerent
scale in Fig. 5. Other plots are shown in supplementary material (Fig.
S3).
Not only do the full range compositions of real life gasolines seem
to resemble a uniform closure (Figs. 4 and 5), but isomer distributions within naphtha, gasoline or heavy gas oil samples also resem-
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Fig. 7. Contour product plots for pyrolysis of 0.1 mole fraction of random TPRF mix in N2 dilution at 1100–1500 K, 1atm, 1 ms, isobaric adiabatic batch reaction
conditions - Ansys model [23] vs. Eq. (2).

ble a uniform closure, as seen in Figs. 6 and S17–S19. The data for
these ﬁgures originate from Ranzi et al. [22] and the references therein
[22,30–38]. Figs. S17 and S18 present the C7 H16 and C8 H18 isomer distributions in various petroleum fractions, respectively, while Figs. S19
and 6 show C8 H10 and C9 H12 aromatic distributions, respectively. Ranzi
et al. [22] states that for any given hydrocarbon lump with the same
chemical formula, some isomers are more likely to occur than others,
meaning that their mole% would be greater. The study was based on
feed characterization of many commercial feeds. Ranzi et al. derived
a theory from those ﬁndings and ascribed the diﬀerent mole% among
isomers to methylation factors. Hence, when we superimpose a random composition onto an isomer distribution, the highest randomly dis-

tributed mole% was chosen to compare to the isomer with the highest
mole%; this essentially compares the experimental and random samples
in ascending order of their respective mole %.
It is to be noted that the normal closure, with its current parameters
𝑁(μ, σ2 ), 𝜇 = 0.5, 𝜎 = 0.05 shows an extreme spread in mole fractions
– from very low to very high. Since real gasolines do not depict such
extremes of mole fractions, the normal closure is not suitable for them.
However, this instance of normal closure might be useful in the case
of some condensates with a long heavy tail where the mole fractions
can range from a fraction of ppb to close to 1. For a diﬀerent choice of
parameters, however, the normal closure trend can get closer to uniform
or Dirichlet closures. However, as stated in the methodology Section 2a,
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mole fractions in real gasoline-like mixtures. The uniform closure is chosen for the present study as it is also easier to derive statistical equations
based on it. This also matches the choice of [18].
3.2. Validation of blending rule for pyrolysis

Fig. 8. Parity plot of pyrolysis mole fractions from blending rule versus simulation – with all the data in Fig. 7.

the objective is to get an approximate match with the real fuels so as to
enable statistical maneuvering.
Figs. 4–6 show that real fuel hydrocarbon distributions, obtained via
analytical techniques like GC/MS, closely resemble those randomly generated from the uniform and Dirichlet closures, as opposed to the normal
closure; therefore, real fuels are more likely to be a subset of a random
sample generated from a uniform/Dirichlet, rather than a normal, closure. This is an important conclusion as it refers to distribution of species

Eq. (2) in the methodology section showed the proposed blending
rule for pyrolysis, based on weighted arithmetic mean. The validation
feed mixtures as selected from Fig. 3 were simulated in Chemkin [42].
Fig. 7 shows contour plots of various product mole fractions at diﬀerent
temperatures on a ternary diagram using both simulation results and
Eq. (2).
In Fig. 7, the ﬁrst (left) column of triangular contour plots presents
pyrolysis product mole fraction obtained from simulations. The second
column is that obtained from the arithmetic mean blending rule. It can
be seen that the contours of the column 1 are similar to that of column
2, showing that the blending rule qualitatively agrees with actual results. The third column shows the percentage diﬀerence between the
blending rule and the simulations. The top three graphs at 1500 K show
a maximum average deviation of about 20% on ethylene, propylene or
benzene products. The maximum error for 1300 K is about 40% for ethylene. However, this is at conditions where the absolute ethylene mole
fraction is less than 0.01. Similarly, for the last plot, the red shade signifying an error of about 48% occurs where the absolute ethylene mole
fraction is less than 0.002. Therefore, the arithmetic mean blending rule
is a good approximation for simulated pyrolysis mole fractions.
The agreement between the simulated pyrolysis mole fractions and
arithmetic mean of Eq. (2) is better at higher temperatures. At 1100 K
and lower temperatures, the arithmetic mean does not accurately capture more complex interactions between the fuel components and their
impact on pyrolysis products. This highlights the limitation of this work

Fig. 9. Performance of pyrolysis formulae on JetSurF, Ansys, Zamostny palettes, 1300 K, 1 ms, 1 atm, 6.3 wt% hydrocarbon in nitrogen (actual=Monte Carlo,
formula=Eqs. (4) and (5).
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IDT was simulated under stoichiometric conditions and various temperatures and pressures shown in Fig. 10. As seen in Figs. 9 and 10, there
is good agreement between the actual values from Monte Carlo simulations and the formulaic mean, standard deviation and variation for both
pyrolysis product and ignition delay time for various fuel palettes.
From the validation plots of Figs. 9 and 10, it can be seen
that it is possible to capture the Monte Carlo simulation trends using Eqs. (4), (5), (7) and (12) derived from statistical fundamentals.
These equations show that the underlying behavior of variations of
fuel properties for large component fuel mixtures can be statistically
explained.
3.4. Estimating Gaussian trends of full palette and sub-palettes on-the-ﬂy

Fig. 10. Performance of IDT formulae on Ansys, JetSurF and KAUST palettes at
various stoichiometric conditions (actual=Monte Carlo, formula=Eqs. (7) and
(12).

Eqs. (4), (5), (7), (12) and (13) require only pure component pyrolysis and IDT data in order to estimate the Gaussian curves on-the-ﬂy,
as a substitute/ precursor for more time-consuming Monte Carlo simulations. The performance of these equations in estimating the full and
sub-palette Gaussian trends is depicted in Figs. 11 and 12 by comparison against values obtained via Monte Carlo simulations. These statistical approximations are within 15% of the mean and standard deviation
values from the Monte Carlo simulations.
The solid line trends in Figs. 11 and 12 originate from thousands
of Monte Carlo simulations; they are computationally expensive to generate because the Ansys kinetic model is large. The generation of the
Monte Carlo curves in Figs. 11 and 12 required approximately 96 h (total 7200 random compositions/runs with each run taking about 48 s to
simulate keeping the parallel runs to 10 on Intel (R) core i7–4870HQ
CPU @ 2.50 GHz). On the other hand, the dotted lines from the equations require only a few minutes to generate, as they involve only simulations for the pure components in the palette to plug into the equations
and generate the curves. This saves a signiﬁcant amount of time, and so
can be used as a screening prior to computationally-costly Monte Carlo
simulations. This is particularly advantageous when considering more
comprehensive statistical investigations of large component fuel behavior with hundreds or thousands of components.
For example, such simulations may be useful when wanting to understand the combustion and pyrolysis of complex fuels such as crude
oil mixtures, heavy fuel oils, and vacuum residues, in which there is
incomplete knowledge about the real hydrocarbon distribution. Statistical analysis of the hydrocarbon distribution and associated combustion
properties can give an idea on their mean and standard deviation. Such

to high temperatures. However, as stated above, at lower temperatures,
the actual product mole fraction is quite low, so a 48% deviation by the
arithmetic mean is not unacceptable. For example, instead of simulated
ethylene mole fraction of 0.002, the arithmetic mean gives 0.00296. A
parity chart is shown in Fig. 8 where all the data of Fig. 7 is plotted together. This gives an overall perspective of the validity of the arithmetic
mean blending rule.
Comparisons between Monte Carlo simulations for the four palettes
and results obtained from statistical formulae in the next section provide
a second level of validation for the proposed blending rule.
3.3. Comparison of Monte Carlo trends with statistical equations
The results from Eqs. (4) and (5) for pyrolysis mole fractions and
(7) and (12) for IDT were compared with the results of Monte Carlo
simulations for the four chosen palettes. Three palettes were chosen for
pyrolysis and three for IDT, based on the availability of data in the literature. Pyrolysis simulation conditions were 1300 K, 1atm, 1 ms, 6.3 wt%
hydrocarbon in nitrogen, similar to those chosen in [18]. Fig. 9 shows
the mean, standard deviation and 2𝜎/μ variation for the major pyrolysis
products.

Fig. 11. Iso-butene Gaussian trend estimation from statistical equations for Ansys palette (full=32, sub=10), 1300 K, 1 ms, 1 atm, 6.3wt% hydrocarbon in N2 .
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Fig. 12. IDT Gaussian trend estimation from statistical equations for Ansys palette (full=32, sub=10), 1300 K, 10 atm, stoichiometric condition.

knowledge may be relevant towards designing gasiﬁcation, pyrolysis,
and combustion systems operating on such complex fuels.
4. Conclusions
This article investigated the eﬀects of random fuel mixture composition on high temperature combustion properties. Statistical fundamentals lead to equations that explicitly calculate the mean and standard
deviation of combustion properties, which conventionally are obtained
by Monte Carlo simulations. Hence, although Monte Carlo methods are
the natural choice for investigating random feed behavior, the derived
equations in this article do provide a reasonable initial estimate of the
results, that too in a fraction of the time, and based purely on pure component properties.
The choice of the probability distributions for generating random
mole fractions was made based on analysis of real fuel mole fraction
trends. The method of choosing the probability distribution by comparing its sorted mole fractions with those of the real fuel, is applicable to
other scenarios too. For our case, the gasoline range fuels appeared to
have originated from a uniform closure composition. It may very well
happen that for a diﬀerent fuel family, a diﬀerent probability distribution may be applicable. However, the methodology discussed in this
article would not be aﬀected. Instead of uniform closure equations, a
diﬀerent probability distribution would be used and equations can be
derived for mean and standard deviations.
We formulated equations to calculate the mean and standard deviation of combustion properties for blends of random composition, based
on statistical fundamentals. The law of large numbers and central limit
theorem were applied to derive the equations for mean and variance
using only pure component data and the proposed blending rules. The
statistical methodology was validated using various fuel palettes. The
trends constructed from these equations mimic Monte Carlo simulation
results within a 15% error on mean and standard deviation. The formula for a random sub-palette was also derived and validated. With
this methodology, on-the-ﬂy estimates of combustion property trends become possible at a ﬁdelity comparable to those obtained from thousands
of (sometimes) computationally-costly Monte Carlo simulations. These

equations also showed that the underlying behavior of variations of fuel
properties for large component fuel mixtures can be explained statistically.
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