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Abstract

The energy transition leads to the development of unconventional liquid fuels. Un-

conventional liquid fuels are produced at a small scale so they are produced with a

limited budget and they must be characterized at a cheap price. When liquid fuels

are burned in piston engines, they are characterized by the Research Octane Number

(RON) and the Motor Octane Number (MON). As the measurement of the RON and

the MON is expensive, a cheaper alternative, like the pseudo-component method, is

sought. Nevertheless, this method was only developed for the RON, it is not applicable

for complex fuels with ole�n and oxygenates, and its uncertainty has not been charac-

terized. Moreover, it does not di�erentiate the isomers. For instance, the iso-para�ns
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are considered as a blend of 2-methyl-alkane, 3-methyl-alkane, 2,2-dimethyl-alkane and

2,3-dimethyl-alkane in equal proportions. The authors address the limitations of the

pseudo-component method using a Bayesian approach. The validity of the method is

demonstrated for three gasoline blendstocks mixed with �ve oxygenated molecules: 1-

propanol, 2-propanol, 1-butanol, 2-butanol and 2-methyl-1-propanol. As a result, the

octane numbers are predicted within the theoretical uncertainty bounds and with less

than 2% of error.
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Introduction

The recent diversi�cation of unconventional liquid fuels is favoured by four factors: the pen-

etration of biomass,1�3 the recycling of wastes,4�8 new production technologies,9�12 and the

development of advanced combustion modes.13�16 In the current paper, we focus on gasoline

blendstocks mixed with oxygenated molecules. The oxygenated molecule can be composed

of up to four carbon atoms and it can be produced via fermentation or gasi�cation.17

Unconventional fuels show unusual properties that depends on the production process.

The fuel properties vary from one production plant to another, so they must be monitored.

Among all the fuel properties, the research octane number (RON) and the motor octane

number (MON) are fundamental. A minimal RON and MON are required to avoid knocking

and to optimize the combustion e�ciency. The RON and the MON test methods are expen-

sive for a decentralized or small production plant as well as for a project in the design phase

because they require a cooperative fuel research (CFR) engine, relatively costly products

(n�heptane and iso�octane) and high level of quali�cation.18,19 Nevertheless, unconventional

fuels are produced at a small scale, so they are produced with a limited budget and they

must be characterized at a cheap price. Moreover, the RON and the MON tests require 1L

of material which may not be available for fuels in early research stage.

RON and MON measurements can be replaced by one of the many predicting methods

available. They di�er one another by the input quantities to run the model. The input quan-

tities can either be chemical properties � nuclear magnetic resonance (NMR) data,20,21 chem-

ical fractions,22,23 chromatographic data24,25 � or physical properties � distillation curves,23,26

ignition delay time.16,27

Among the di�erent methods, the pseudocomponent (PC) method is based on the frac-

tions of the hydrocarbon class (n-para�n, iso-para�n, naphthene, aromatic) and the dis-

tillation cut points. This method, was summarized by Riazi:23 a PC is characterized by

a boiling point which is equal to the mean average boiling point (MeABP) of a fuel. The

method attributes a PC to each hydrocarbon class.
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While the pseudo-component method relies on simple input quantities, it has several

limitations.

� It does not cover fuels with ole�n and oxygenated molecules so it cannot be applied to

all of the unconventional fuels,28�30 hence the method lacks generality.

� Its uncertainty has never been studied.

� It does not di�erentiate the isomers among each hydrocarbon class. For instance,

the iso-para�ns are considered as a blend of 2-methyl-alkane, 3-methyl-alkane, 2,2-

dimethyl-alkane and 2,3-dimethyl-alkane in equal proportions.

� It was only presented for the RON, so, no model exist to predict the MON with PCs.

To address these limitations, the current paper embeds an inductive probabilistic ap-

proach based on a Bayesian tuning. This kind of approach has already been used to relate

bulk properties and the molecular composition.31

The pseudo-component method was used in recent publications. For instance, Nguyen

et al. 32 proposed a model to predict the viscosity where n-alkane mixtures are represented

by a single pseudo-component. Xu et al. 33 predicted binary-interaction parameters of cu-

bic equation state for petroleum �uids represented by pseudo-components. Ramos-Pallares

et al. 34 predicted the thermal conductivity of oils characterized into pseudocomponents. Liu

et al. 8 extended the pseudocomponent representation to characterize the molecular informa-

tion of pseudo-components. Bulk properties, including the octane numbers, were accurately

estimated even if ole�n constituted the fuel. Nevertheless, this method requires a deep char-

acterization of the petroleum fraction as a pseudo-component is characterized every 20K.

This requires the PIONA analysis of the petroleum product every 20K.

The aim of the current paper is to formulate a model applicable for gasoline blendstocks

mixed with oxygenated molecules and which is able to predict the RON and the MON. The

goal includes the characterization of the uncertainty.
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After having described the new Bayesian PC method, the results are discussed and the

conclusions are drawn in the last section.

Method

The method section starts with an overview of the original PC method. The original PC

method summarized by Riazi attributes a PC to each hydrocarbon class.23 A PC is charac-

terized by a boiling point which is equal to the MeABP of a fuel. The MeABP depends on

the distillation cut points:

MeABP = VABP−∆TMe (1)

with the volume average boiling point (VABP):

VABP =
T10 + T30 + T50 + T70 + T90

5
, (2)

TXX is the temperature at which xx% of the fuel is evaporated and the correction tem-

perature is de�ned by:23

ln(∆TMe) = −1.53181− 0.0128(VABP− 273.15)0.6667 + 3.646064SL0.333 (3)

with SL the 10�90 slope:

SL =
T90 − T10

80
. (4)

An important assumption in the PC method is that the RON of each PC, RONpc, cor-

relates with the MeABP of the fuel. The law between RONpc and MeABP is based on

the regression between the boiling point and the octane numbers of pure molecules. In

the original PC method, the database of pure molecules does not take the isomer into ac-

count. Speci�cally, the aromatics are considered as n-alkylbenzenes, the naphthene as n-
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alkylcyclopentanes and the iso-para�ns as the average between 2-methyl-alkanes, 3-methyl-

alkanes, 2,2-dimethylalkanes and 2,3-dimethylalkanes. In the current study, we introduce a

correcting factor that modi�es the octane number of the PC according to the type of isomer.

In the original PC method, a linear blending law by volume relates the RON of the fuel of

interest with the RON of each PC:

RON∗Riazi =
[
yRiazi

]ᵀ ×RONpc, (5)

where yRiazi is the vector of the volume fractions of the PCs. These volume fractions are

equal to the volume fractions of the hydrocarbon classes in the fuel and can be measured by

gas chromatography (GC), comprehensive two-dimensional gas chromatography (GC × GC)

or with a reformulyzer. Note that in the current paper, the letters in bold refer to vectors

and matrices and "×" is the Cartesian product.

Table 1: Properties of the 45 BOB-Ox fuels used to train and to test the new method.

Property Min Mean Max
30 Training fuels

RON 85.8 91.7 99.2
MON 80.8 83.9 88.9

MeABP (°C) 79.3 89.9 101.5
Saturate (%) 57.3 66.0 74.0
Ole�n (%) 2.1 4.6 7.8

Aromatic (%) 16.3 21.0 28.9
Oxygenate (%) 2.9 8.4 15.3
15 Test fuels

RON 86.9 92.0 98.6
MON 81.0 84.0 88.6

MeABP (°C) 80.5 89.4 99.5
Saturate (%) 59.8 64.9 70.2
Ole�n (%) 2.2 4.5 7.4

Aromatic (%) 17.0 20.7 27.4
Oxygenate (%) 7.8 9.9 11.6

Contrary to the one compiled by Riazi, the proposed method is developed for fuels with

ole�ns and oxygenates. The study of Christensen et al.,17 who highlighted the properties

6

Page 6 of 33

ACS Paragon Plus Environment

Energy & Fuels

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



of 77 fuels, o�ers a lot of experimental data to develop the method. Only 45 out of the 77

fuel are selected. This way of proceeding allows to obtain an equal representation of each

oxygenated molecule, thus, achieving a more accurate model. Speci�cally, for these 45 fuels,

three blendstocks for oxygenate blending (BOB) are mixed at three di�erent proportions �

at a low (3 to 4.1%), an intermediate (7.9 to 11.6%) and at a high volume fractions (10.6

to 15.3%) � with �ve oxygenated molecules � 1-propanol, 2-propanol, 1-butanol, 2-butanol,

2-methyl-1-propanol. The 45 fuels are divided in a training set and in a test set. The training

set is composed of the low and the high fractions (30 fuels) and the test set is composed of

the intermediate fractions (15 fuels). Thus, the model is created with the framing fractions of

oxygenates and validated with a fraction which is in between. The properties of the studied

BOB-Ox fuels are reported in Table 1.

The method proposed here, based on Bayes' law, allows to assess the uncertainty, which

was not possible with the original PC method. The original Equation 6 is modi�ed with

the expectancy of a correcting factor E
(
K
)
which is calculated applying Bayes' law. The

correcting factor corrects the octane number of each PC according to the type of isomer in

the corresponding hydrocarbon class. With the Bayesian PC method, an unbiased estimator

of the octane number (ON) is proposed as:

ON∗ =
[
y
]ᵀ × ([E(K) ◦ONpc

])
+σ∗, (6)

with σ∗ the random error, i.e. an unpredictable error due to the measurement method,

and "◦" the Hadamard product.

The modi�cations adopted to the original equation reported by Riazi23 are described

thereafter.

� y is the vector of the volume fractions of the four PCs (saturate, ole�n, aromatic,

oxygenate). Three hydrocarbon classes (n-para�n, iso-para�n, naphthene) are merged

in a single hydrocarbon class (saturate) because the saturate class constitutes the
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training data reported by Christensen et al..17 Moreover, the ole�n and the oxygenate

hydrocarbon class are included.

� ONpc is the vector composed of the octane numbers of the four PCs. The correlations

between ONpc and the MeABP are modi�ed to include more isomers than in the original

PC method:

ONpc =rᵀ ×T, (7)

with

T = [
1

MeABP
]. (8)

The vector r is composed of the linear regression coe�cients between the boiling

points and the octane numbers of pure molecules from large databases.17,23,35�38 These

databases were completed by measuring the octane numbers of pentan�3�one and

heptan�3�one. Relying on ketones as well as alcohol allowed us to propose a general

methodology that can be applied to another type of fuel, for generating another model.

r takes into account the evolution of the octane number depending on the boiling point.

Nevertheless, the uncertainty on r does not need to be estimated to calculate the �nal

uncertainty, according to Equation 12. The boiling points and the octane numbers are

available in the Supporting Information and r is reported in Table 2.

� In equation 6, E
(
K
)
are the expectancies of the correcting factors K introduced by

Bayes' law. The Bayesian method that calibrates the probability density functions

(PDFs) of K is inspired by the work of Josephson et al. 39 With this method, we com-

pute the estimated octane number with an initial guess and we compare the estimation

to the measurement. The better is the match between the estimation and the measure-

ment, the better is the initial guess. When the matching is satisfactory, the initial guess

is set as being the right value for the parameters of the model. Below are summarized
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Table 2: Coe�cients (r) required for Equation 7. The coe�cients were obtained with a
linear regression between the octane number and the boiling points of pure molecules from
the literature.17,23,35�38 Additional octane number measurements were also lead for pentan�
3�one and heptan�3�one (available in the Supporting Information).

Saturate Ole�n Aromatic Oxygenate
RON

Intercept 103.07 112.89 142.14 108.80
Slope -0.29143 -0.22733 -0.19927 -0.13568

MON
Intercept 9.4256 90.794 131.09 91.299
Slope -0.24124 -0.12941 -0.19675 -0.08470

the calculation steps with a focus on how the work of Josephson et al. is adopted to

the current study. The main concepts of the methodology used in the current paper

are explained in depth in the paper of Josephson et al. 39

According to Bayes' law, the conditional knowledge of the experimental octane num-

ber ON allows to estimate the correcting factor. When ON is known, the PDF of

the correcting factor Ki, fKi|ON

(
Ki|ON

)
, for the hydrocarbon class i is given by the

following proportionality:

fKi|ON

(
Ki|ON

)
∝ fKi

(
Ki

)
fON|K

(
ON|K

)
. (9)

The prior PDF, fKi

(
Ki

)
, represents an initial knowledge of the correcting factor. The

prior gives the distribution of Ki before any analysis is realized. The distribution of the

PDF and the limits where Ki is studied must be de�ned. As Ki is unknown, we chose

an uniform distribution to avoid any preferred choice in the studied range.39 Thus, we

chose a rectangular distribution so that the correcting factor Ki has equal probability

across the studied range. Then, the limits where Ki is studied must be de�ned. As Ki

is a priori unknown, the PDF called likelihood (fON|K
(
ON|K

)
) informed us on how far

the limits of Ki were from their true value. The likelihood depends on the values of the

correcting factors. Thus, changing the limits of Ki changes the shape of the likelihood.
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When Ki is de�ned in a wrong range, the value of likelihood tends towards zero. When

the prior is de�ned in the right range, the likelihood tends towards a Gaussian shape

because of Equations 10 and 11. Thus, we changed the limits of each Ki iteratively by

trial-and-error until obtaining a well-de�ned Gaussian shape that correctly described

the likelihood. We discretized each Ki simultaneously with a latin hypercube sampling

(LHS) procedure and 20 000 samples to balance RAM memory and resolution when

visualizing the likelihood.

The likelihood fON|K
(
ON|K

)
represents the probability to get the experimental oc-

tane numbers ON with the correcting factors K. Concretely, the probability of the

likelihood is reduced when the octane number calculated with the chosen parameters

does not correspond to experiments. The likelihood is given by the following equation

which combines the probabilities p

(
ON|ON∗(K)) for all the experimental ON:

fON|K
(
ON|K

)
=

nexp∏
p

(
ON|ON∗(K)). (10)

p

(
ON|ON∗(K)) is the probability of the measured octane number when the estimated

octane numbers are de�ned. The estimated octane numbers are randomly distributed

because the parameters K were randomly sampled with a LHS procedure. Thus, the

octane numbers estimated with the sampledK follow a Gaussian shape. This Gaussian

is centred at a value equal to the measured octane number when the parameters K are

correctly chosen.

p

(
ON|ON∗(K)) =

1√
2πσ2

exp

(
−

(
ON−ON∗(K))2

2σ

) (11)
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Equation 11 gives the probability of getting a measured octane number relatively to

its estimation. This probability depends on the Gaussian shape, i.e. on the variance

σ. The estimation being intrinsically unbiased, this probability depends only on the

precision of the experimental measurements. Consequently, the Gaussian shape, i.e.

the variance σ, depends on the reproducibility of the ON measurement.

The reproducibility of the ON measurement was published in the ASTM D269918

(RON), ASTM D270019 (MON) and in The Precision of knock rating � 1936-193840

for RON equal to 50, 80, from 90 to 100, 101, 102, 103 and from 104 to 108 and for

MON from 80 to 90 and from 102 to 103. The uncertainty has never been characterized

in the other ranges so we adopted the worst uncertainty of the surroundings octane

numbers. Moreover, we adopted the same reproducibility for low and high MON (below

80 and above 103) than the RON. The uncertainties are summarized in Table 3.

Table 3: Con�dence interval of the experimental octane numbers (Reproducibility). The level
of con�dence of the measured octane number is given in the interval = ON ± half-width.

ON Half-width Con�dence
RON

]0 - 50[ 2 95
50 2 99.9

]50 - 90[ 2 95
[90 - 100] 0.7 95
]100 - 101] 1 95
]101 - 102] 1.4 95
]102 - 103] 1.7 95
]103 - 104] 2 95
]104 - 120] 3.5 95

MON
]0 - 80[ 2 95
[80 - 90] 0.9 95
]90 - 103] 2 95
]103 - 120] 3.5 95

The following procedure explains how to create a new model.

� Initialize the minimal and the maximal values of the correcting factors with a starting

guess.
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� Create samples for the correcting factors. We relied on 20000 samples generated via

LHS.

� For each sample, calculate the octane number with Equation 6. The input parameters,

namely the hydrocarbon class fractions and the MeABP are used.

� For each sample, calculate its probability with Equation 11. σ In Equation 11 is

calculated with the reproducibility reported in Table 3. The objective parameters,

namely, the experimental octane numbers are used.

� Calculate the likelihood with Equation 10.

� Plot the likelihood as a function of the sampled correcting factor to visualize the

likelihood.

� Go back to the �rst step and change the minimal and maximal values of the correcting

factor so that the plotted likelihood look like a Gaussian function.

� Once the likelihood looks like a Gaussian function, calculate the expectancy and the

variance-covariance matrix of the correcting factors.

Example

This section shows how to compute the octane number once the model is created. As an

example, we rely on the �rst fuel of the spreadsheet TestData provided in the supporting

information. We show how to calculate the RON, the MON and their uncertainties. All

the calculation steps of the current section are reported in the supporting information. The

properties of this fuel are reported in the following table. The MeABP is �rst calculated

with equation 1.

Then, the octane numbers of the pseudo-components are calculated with Equation 7 with

the coe�cients from Table 2. The result is reported in the following table.
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Table 4: Properties of the fuel used as an example.

MeABP 80.46
Saturate (%) 66.1
Ole�n (%) 7.3

Aromatic (%) 18.1
Oxygenate (%) 8.4

Table 5: Octane numbers of the pseudo-components.

RON MON
Saturate (%) 79.62 74.85
Ole�n (%) 94.60 80.38

Aromatic (%) 126.11 115.26
Oxygenate (%) 97.90 84.48

Thereafter, the expectancy of correcting factors are applied. The expectancies of the

correcting factors are reported on Figure 1 for the RON and �gure 2 for the MON. The

following table reports the result.

Table 6: Corrected octane numbers of the pseudo-components.

RON MON
Saturate (%) 89.97 90.56
Ole�n (%) -28.38 -45.82

Aromatic (%) 131.15 99.12
Oxygenate (%) 106.71 91.24

Finally, the corrected octane numbers are weighted by the hydrocarbon class fractions

(in Table 4) of the fuel of interest to obtain the predicted octane number. The result and

the measurement are reported in the following table.

Table 7: Estimated octane numbers compared with the measurements.

RON MON
Estimated 91.1 82.1
Measured 89.9 82.0

As showed by Equation 12, the uncertainty depends on the variance-covariance matrix

and on the sensitivities. The variance-covariance matrix is reported in the supporting infor-

mation while the sensitivities are governed by Equation 13.
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Table 8: Sensitivities

RON MON
Saturate (%) 52.63 49.47
Ole�n (%) 6.91 5.87

Aromatic (%) 22.83 20.86
Oxygenate (%) 8.22 7.10

Finally, the variance-covariance matrix and the sensitivities give the standard uncertainty,

u. The expanded uncertainty at 95%, U, is obtained by multiplying u by 1.96.41

Table 9: Standard and expanded uncertainty at 95% of con�dence interval

RON MON
u 0.80 0.82
U 1.57 1.60

Therefore, for the studied fuel, the RON and the MON are evaluated at 95% being equal

to 91.10±1.57 and to 82.12±1.60, respectively.
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Results and discussion

After having reported the values of the correcting factors, this section presents the precision

of the method. Finally, it discusses the uncertainty and the sensitivity of the method.

Analysing the correcting factors enables us to understand the role of each hydrocarbon

class while the covariances inform us about the interactions between the hydrocarbon classes.

Figures 1 and 2 summarize the correcting factors K and their covariances for the RON and

the MON models, respectively. The expectancies of the correcting factors, which are required

in Equation 6 are also reported on Figures 1 and 2.

Figure 1: Visual representation of the symmetric variance-covariance matrix of the RON
correcting factors. The three variance-covariance error ellipses represent the 99%, 95% and
68% con�dence intervals. The ellipses represents the domains where the 20 000 samples of the
correcting factors are de�ned. The directions of the ellipses shows how the correcting factors
interact between each others. The variance-covariance matrix is reported in the supporting
information.

The correcting factors of the saturates, the aromatics and the oxygenates is positive. For

the ole�ns, it is either positive or negative. Therefore, the saturates, the aromatics and the

oxygenates tend to increase the octane number of the mixture.
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Figure 2: Visual representation of the symmetric variance-covariance matrix of the MON
correcting factors. The three variance-covariance error ellipses represent the 99%, 95% and
68% con�dence intervals. The ellipses represents the domains where the 20 000 samples of
the correcting factors are de�ned. The directions of the ellipses show how the correcting
factors interacts between each others. The variance-covariance matrix is reported in the
supporting information.

The covariances inform us about the interactions between the hydrocarbon classes.

� The oxygenate class exhibits a negligible covariance, so, the oxygenates do not covariate

with other classes.

� The saturate class has a negative covariance shared with all the other classes, so, the

correcting factors decrease as far as the saturates are concerned. The saturate class

counterweights the fuel octane numbers of the other classes. Thus, the saturate class

controls the antagonist blending e�ect.42

� The covariance between the aromatic and the ole�n classes is positive. Thus, an aro-

matic molecule mixed with an ole�n tends to increase the octane numbers. Therefore,

the aromatic class controls the synergistic blending e�ect.42
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� The covariance between the aromatic and the saturate class is negative. Thus, the

octane number decreases when aromatics and saturates are blended. Therefore, the

antagonist blending e�ect prevails on the synergistic blending e�ect.

� The covariances are similar between the RON and the MON except for the covariance

between the saturates and the aromatics. The dependency between the aromatics and

the saturates is higher for the RON. This means that the RON decreases more than

the MON when the correcting factor of the saturates increases.

According to Figures 3 and 4, the Bayesian pseudo-component method predicts accurately

the octane number for the training and the test fuels, with less than 2% error for all the

fuels and less than 1% for most of them. A small bias appears for the RON lower than

88.5. For these values, the RON is slightly over-predicted. The test fuels with a RON lower

than 88.5 are the BOB fuels 1 and 2 mixed with 1�butanol. The RON of test fuel BOB 3

mixed with 1�butanol is also over-predicted. Thus, the octane numbers of fuels mixed with

1�butanol tend to be over-predicted. This can be explained by the low octane number of

these mixtures, comparing with the other fuels.

On Figure 3, the new Bayesian PC method is compared with the one reported by Riazi.

To lead the calculation, the saturate group was considered as iso-para�ns and the ole�ns

and the oxygenates were neglected. Note that the original PC method would probably give

better results without these assumptions. The new method gives better results than the

original one.

17

Page 17 of 33

ACS Paragon Plus Environment

Energy & Fuels

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



Figure 3: The new Bayesian pseudo-component method gives a very accurate RON prediction
for the considered BOB-Ox subpopulation. The 68%, 95% and 99% theoretical con�dence
intervals are reported as well as a deviation of 2% from the observation. All the points are in
accordance with the model uncertainty. The new method is more precise than the original
PC method reported by Riazi.23 Nevertheless, it should be pointed out that the original
method was developed for narrow range fractions and for conventional gasoline or naphtas
without oxygenates and ole�nic compounds. This method may give good results with other
fuels.

Figure 4: The Bayesian pseudo-component method gives a very accurate MON prediction
for the considered BOB-Ox subpopulation. The 68%, 95% and 99% theoretical con�dence
intervals are reported as well as a deviation of 2% from the observation. All the points are
in accordance with the model uncertainty.

Figures 3 and 4 report also the theoretical uncertainties with a con�dence interval of

68%, 95% and 99%. All the experimental points �t within the theoretical uncertainty.

This uncertainty was calculated with the following formula, from the book Evaluation of

measurement data � Guide to the expression of uncertainty in measurement.41
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u2 = Var
(
σ∗
)

=

nPC∑
i=1

(
si

)2
Var
(

fi

)
+ 2

nPC−1∑
i=1

nPC∑
j=i+1

sisjCov
(

fi, fj

)
,

(12)

where fi = fKi|ON

(
Ki|ON

)
is the PDF of the ith pseudocomponent correcting factor and nPC

is the number of pseudo-components. The variance-covariance matrix is reported in the

supporting information.

According to Equation 12, the sensitivities, si, indicate which variance of the correcting

factor prevails on the combined uncertainty, u.

Owing to Equation 6, the sensitivity for each hydrocarbon class i is given by

si =
∂ON∗

∂E
(
Ki

) = yiONpci. (13)

The liquid volume fraction of the fuel hydrocarbon class, yi, and the octane number of PC

i, ONpci, govern the sensitivity, si. The sensitivities and yi depend linearly on each others.

For instance, the sensitivity sSaturates is the highest because the saturate class constitutes the

majority in BOB-Ox fuels (Figure 5). The sensitivity of the saturate group is the highest,

so, according to Equation 12, the variance of the correcting factor of the saturates a�ects

the combined uncertainty the most. The sensitivities are sorted in the following ascending

order: ole�n, oxygenate, aromatic, saturate. Additionally, the octane numbers of the PCs

impact this linear trend (Equation 13). Speci�cally, the octane number of the aromatic

pseudo-component is high, thus, it increases the sensitivities of the aromatic class (Figure

5). In opposite, the low octane numbers of the saturate class decreases the sensitivities of

the saturate class.
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Figure 5: Estimated sensitivities according to the four correcting factors (attributed to
Saturates S, Ole�ns O, Aromatics A and Oxygenates Ox). The estimated octane number is
particularly sensitive to the saturate and to the aromatic correcting factors. This is a direct
consequence of the higher concentrations of these species, and to the high octane number
of the aromatics. The sensitivity is proportional to the hydrocarbon class fraction. This
proportionality is impact by the low and the high octane numbers of the PCs.

Conclusion

The current study resulted in showing the power of Bayes' law to predict the octane numbers.

The method includes an uncertainty quanti�cation and it incorporates the fuel complexity

such as the hydrocarbon classes, including ole�ns and oxygenates, and the types of isomers.

Moreover, relying on Bayes' law enabled us to draw the following conclusions for the studied

fuels.

� The hydrocarbon class that has the higher impact on the uncertainty are sorted in the

following ascending order: ole�n, oxygenate, aromatic, saturate.

� All of the hydrocarbon classes tend to increase the fuel octane number, except the

ole�n class.
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� The saturate and the aromatic hydrocarbon classes are associated with an antagonist

and a synergistic blending e�ect,42 respectively.

The model developed in the current paper is made to study gasoline blendstock for oxy-

genated blending mixed with 1�propanol, 2�propanol, 1�butanol, 2�butanol, or 2�methyl�

1�propanol (BOB-Ox). The model requires the main hydrocarbon class fractions (Saturate,

Ole�n, Aromatic, Oxygenate) and the distillation cut points. It includes the ole�n and

oxygenate class fractions, so, it is promising for unconventional fuels.

The current model is not tailored for other fuels than BOB-Ox. However, an extension

of the current model will be the subject of future research. The current description of the

fuel by saturates, ole�ns, aromatics and oxygenated molecules would not be su�cient. This

would lead to high variances, leading to high uncertainties. Thus, to extend the current

method with additional fuels, the fuels must be described more precisely with the addition

of the isomer groups rather than relying only on saturates, ole�ns, aromatics and oxygenated

molecules.
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� The sheet called TestData contains the properties of the 15 fuel used to test the

model.

� The sheet called PureONDatabase contains the boiling points and the octane

numbers used to calculate r which is useful in Equation 7.

� The sheet called Practical example contains the calculations to predict the octane

numbers and their uncertainties of one fuel as an example. The fuel is the �rst

fuel of the TestData sheet.

� VarianceCovariance contains variance-covariances matrices useful to calculate the

uncertainty according to Equation 12.
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11x3mm (600 x 600 DPI) 
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