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Abstract 9 

Ethanol is widely used as a gasoline octane booster, and yet, its blending response is not fully 10 

understood. Blending ethanol with gasoline most often leads to a synergistic effect (higher than 11 

expected relative to linear blending), but can also lead to a linear or antagonistic blending (lower 12 

than expected relative to linear blending). To address the knowledges gap in ethanol blending, this 13 

study provides new research octane number (RON) and motor octane number (MON) 14 

measurements of ethanol blended with various gasoline surrogates. The first set of blends are 15 

ternary mixtures, designed to study the interactions between primary reference fuels (PRFs) and 16 

certain gasoline components when blended with ethanol. These gasoline components are 1-hexene, 17 

1,2,4-trimethylbenzene and cyclopentane, which, represents the olefin, aromatic and naphthenes 18 

classes in commercial gasoline fuels, respectively. The second set represents multicomponent 19 

surrogates for Fuels for Advanced Combustion Engines (FACE) gasolines, developed in our 20 

previous work (Badra et al., Applied Energy 2017 p. 778-793). This study developes an octane 21 

blending model of ethanol/gasoline surrogates that utilize the new measurements along with 22 

datasets available in literature. The model consists of the conventional linear by ethanol molar 23 

fraction correlation, with the addition of non-linearity terms that depend on base fuel properties, 24 

namely, the octane sensitivity and the mole fraction of gasoline components. The model can predict 25 

the octane numbers (RON and MON) of blends containing gasoline surrogates composed of n-26 

heptane, n-pentane, iso-octane, iso-pentane, toluene, 124-trimethylbenzene, cyclopentane, 27 

cyclohexane (for RON only) and 1-hexene. To ensure the generality of the developed model and 28 

avoid over-fitting, the model is trained using 85% of the available dataset while the remaining 29 

measurements have been used to test the model. The proposed model outperforms many ethanol 30 

blending models available in literature with 87% of the RON and 83% of the MON measurements 31 

being within the reproducibility limits. This model can be integrated to the process of designing 32 

gasoline surrogates that contain ethanol.    33 

Keywords: Ethanol, Gasoline Surrogates, RON, MON, Octane Blending Model 34 
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1. Introduction 36 

Ethanol prevails as the most commonly available biofuel used for transportation. In 2019, ethanol 37 

accounted for 70% of the global biofuel production [1]. A market analysis by the International 38 

Energy Agency (IEA) anticipates a 19% growth in global ethanol output from 2019 to 2024 [2]. 39 

The growth is driven by support policies in Asian countries – especially China – to increase the 40 

share of biofuels in transport fuels; and sustain growth in agriculture commodities.  Another driver 41 

is the better market prospects for ethanol production in Brazil and the United States. However, due 42 

to the COVID-19 pandemic, ethanol production is anticipated to contract by 15% in 2020 [1].  43 

Ethanol has high research octane number (RON) of 108-109 and motor octane number (MON) of 44 

89-91 [3-6], which promotes its use as a gasoline octane enhancer. These high anti-knock qualities 45 

are advantageous for spark-ignited (SI) engines for knock mitigation. While pure ethanol can be 46 

used with special fueling equipment [7, 8], it is typically blended with gasoline to minimize 47 

hardware changes of conventional gasoline vehicles. In the U.S. market, there are low-level blends, 48 

10 vol% ethanol (E10) and 15 vol% ethanol (E15); as well as high-level blends known as Flex Fuel 49 

(E85) containing 51-83 vol% ethanol.  50 

It is widely agreed that the blending of ethanol with gasoline increases the octane rating, but the 51 

magnitude of the octane response is a subject of research. One of the early efforts to understand the 52 

blending nature of ethanol was done by Hunwartzen in 1982 [3]. The study reported a linear 53 

increase in RON with ethanol volume fraction. This is unlike what has been reported by the 54 

American Petroleum Institute (API) in 2010 where the blending response experiences a constant 55 

increase until 20 vol% ethanol, from which, it declines slightly at higher ethanol levels [9]. 56 

Anderson et al. (2010) [10] recommended considering the mole fraction of ethanol when attempting 57 

to quantify the octane response of ethanol blending to gasoline. The octane numbers (ONs) of 58 

certain gasoline formulations can be estimated by following a linear-by-mole model with ethanol 59 

addition. The aforementioned studies recommended simple approaches to estimate the octane 60 

response of ethanol blending, that are bounded by either volumetric or molar analysis.  61 

More recently, there is growing evidence that the octane response of ethanol/gasoline blends 62 

follows a non-linear trend regardless of whether the basis of analysis is by volume or by mole. 63 

Anderson et al. (2012) [4] reported an additional increase in the measured ONs from both the linear-64 

by-volume and the linear-by-mole models – indicating synergistic blending with ethanol. The level 65 

of non-linearity of ethanol blending with gasoline was found to be dependent on the base gasoline’s 66 

properties. According to a study by Foong et al. (2014) [5], the aromatic content in the base fuel 67 
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reduces the level of synergy in ethanol containing blends. Wang et al. (2017) [11] attributed the 68 

synergistic effect to interactions between ethanol and alkanes present in the base fuel. Ethanol 69 

suppresses the negative temperature coefficient (NTC) features of alkanes auto-ignition. While the 70 

blending of ethanol with gasoline most often yields a synergistic blending effect, it can also yield 71 

to linear or antagonistic blending (lower than expected by linear blending). The non-linearity of 72 

ethanol blending, according to Anderson et al. (2020) [12], is strongly dependent on the base fuel 73 

octane sensitivity (OS = RON-MON) and fractions of saturates (alkanes and cyclo-alkanes) and 74 

aromatics.  75 

Since regular gasoline comprises of hundreds of molecules and several molecular classes, it is of 76 

the essence to formulate representative gasoline surrogates to perform combustion simulations. The 77 

main purpose of formulating surrogates is to emulate the chemical and physical properties of the 78 

real fuel [13]. One of the most common gasoline surrogates is a binary mixture of n-heptane and 79 

iso-octane, known as primary reference fuel (PRF). PRFs are the building blocks of the octane 80 

number (ON) scales, where they benchmark the knocking tendency of the real fuels [14, 15]. The 81 

octane response of ethanol/PRFs blends has been reported by multiple studies [5, 16-18]. 82 

AlRamadan et al. (2016) [18] described the blending response of PRFs to exhibit linear- and non-83 

linear-by-mole zones. PRF blends linearly for ethanol molar concentration ranging from zero up to 84 

a transition point, from which, it starts to exhibit synergistic blending. The transition point and the 85 

level of non-linearity at higher ethanol levels are dependent on the PRF ON. A mixture of toluene 86 

and PRF, commonly described as toluene primary reference fuel (TPRF), is another gasoline 87 

surrogate capable of matching the octane sensitivity (OS) of the real fuel (PRFs cannot emulate the 88 

OS since they have, by definition, zero OS) [19]. Multiple studies have reported the ONs of 89 

TPRF/ethanol blends [5, 16-18]. For TPRFs sharing the same RON, the level of synergy with 90 

ethanol addition reduces with higher toluene content [5, 18]. This has been attributed to the 91 

antagonistic blending of ethanol with toluene, as reported by Foong et al. (2014) [5].  92 

Beyond PRFs and TPRFs, Badra et al. (2017) [20] measured the octane response of five additional 93 

gasoline surrogates with ethanol, namely, n-pentane, iso-pentane, 1,2,4-trimethylbenzene, 94 

cyclopentane and 1-hexene. These surrogates extended the knowledge beyond alkanes and 95 

aromatics; and provided additional insights about olefins and cyclo-alkanes. From the extensive 96 

library of ethanol blends with gasoline surrogates, Badra et al. (2017) [20] developed a blending 97 

model for ON prediction. In addition, Badra et al. (2017) [20] measured the ONs of ethanol blends 98 

with Fuels for Advanced Combustion Engine (FACE). The study evaluated the performance of the 99 

model to predict FACE/ethanol blends by formulating multiple FACE surrogates. Yuan et al. 100 
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(2020) [6] presented a methodology to formulate a surrogate fuel that reproduce the RON response 101 

of market gasoline with ethanol. The study provided additional RON measurements of cyclohexane 102 

and 1-hexene blended with ethanol. An overview of ethanol blending response with these gasoline 103 

surrogates is discussed in Section 2.    104 

This study builds upon our previous work (Badra et al. (2017) [20]) by providing new RON and 105 

MON measurements of multicomponent gasoline surrogates blended with ethanol. The first set, 106 

labeled as ternary mixtures, aimed to study the effect of 1-hexene, 1,2,4-trimethylbenzene and 107 

cyclopentane presence in the base fuel to the synergistic (or antagonistic) blending of ethanol. The 108 

mixtures have been systematically designed by blending each of the aforementioned fuels with 109 

different PRFs so that they all have the same base RON of 75. The second set of surrogates are the 110 

FACE surrogates for FACE A, FACE I and FACE J that were formulated in Badra et al. (2017) 111 

[20]. These surrogates consist of eight gasoline components where 10-40 vol.% of ethanol has been 112 

blended. These new measurements along with the available literature data are used to develop a 113 

blending rule to predict the octane response of ethanol blending with gasoline surrogates. The 114 

model is based on linear-by-mole correlation, with an additional non-linearity term that depends on 115 

the octane sensitivity and the mole fraction of gasoline components.  116 

The paper is structured as follows. Section 2 provides an overview of ethanol blending response 117 

with gasoline surrogates. Section 3 presents the new RON and MON measurements. Section 4 118 

provides all the details about the blending rule of ethanol/gasoline surrogates. The conclusions are 119 

provided in Section 5. 120 

2. Overview of Ethanol Blending Response with Gasoline Surrogates  121 

The characteristics of ethanol blending with gasoline surrogates has been a subject of interest for 122 

multiple reasons. Understanding such octane response of ethanol/gasoline surrogates can be the 123 

gateway for acquiring knowledge about its behavior with commercial gasolines. It can pave the 124 

way to formulate representative gasoline surrogates with ethanol content – an important 125 

requirement for any combustion simulation.  126 

Table 1 summarizes studies that reported the octane numbers (ONs) of ethanol blended with 127 

gasoline surrogates. Fikri et al. (2008) [21] studied the auto-ignition of gasoline surrogates at 128 

engine-relevant conditions, and the ONs of PRF62 blended with 20% ethanol volume fraction were 129 

reported. Two studies from the same research group,  Solaka et al. (2013) [16] and Aronsson et al. 130 

(2014) [17], reported the RON and MON of PRFs and TPRFs blended with ethanol up to 40% by 131 

volume. The latter study [17] suggested a regression model to predict the ONs of PRFs and TPRFs 132 
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blends with ethanol. The model has linear, binary interaction and quadratic terms of n-heptane, 133 

toluene and ethanol volume fraction. Foong et al. (2014) [5] provided comprehensive ON 134 

measurements of n-heptane, iso-octane, toluene, PRFs and TPRFs blended with ethanol. The 135 

measurements span from low ethanol concentration up to 80% by volume. AlRamadan et al. (2016) 136 

[18] complemented Foong et al. (2014) [5] study by providing additional RON and MON 137 

measurements of PRF40, PRF50 and PRF60 blended with ethanol. In addition, AlRamadan et al. 138 

(2016) [18] analysed the octane response of ethanol blending to three TPRFs with the same base 139 

RON of 60. The study developed a blending rule that divides the correlation into a linear-by-mole 140 

zone (at low ethanol concentration) and non-linear-by-mole zone (at high ethanol concentration).  141 

Table 1. Studies that reported the octane response of ethanol with gasoline surrogates  142 

Reference Gasoline Surrogates 
Ethanol Content 

(Vol.%) 
Analysis 

Fikri et al., (2008) [21] PRF62 20 RON/MON 

Solaka et al. (2013) [16] PRFs and TPRFs Up to 20 RON/MON 

Aronsson et al. (2014) [17] PRFs and TPRFs Up to 40 RON/MON 

Foong et al. (2014) [5] 

n-heptane, isooctane, 

toluene, PRFs and TPRFs 
Up to 80 RON/MON 

AlRamadan et al. (2016) [18] PRFs and TPRFs Up to 90 RON/MON 

Badra et al. (2017) [20] 

n-pentane, iso-pentane, 

cyclopentane,  

1,2,4-trimethylbenzene and 

1-hexene 

Up to 60 RON/MON 

Yuan et al. (2020) [6] 

cyclohexane,  

1-hexene, PRFs+aromatics 

and multicomponent 

surrogates 

Up to 100 RON 

 143 

Badra et al. (2017) [20] reported the ONs of ethanol blends with n-pentane, iso-pentane, 144 

cyclopentane, 1,2,4-trimethylbenzene and 1-hexene. The study presented a volume-based model to 145 

predict the ONs of mixtures of gasoline surrogates (8 components in total) blended with ethanol. 146 

The developed model was based on quantification of the ethanol blending non-linearity with pure 147 
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components as well as scaling factors to account for binary interactions between n-heptane, iso-148 

octane and toluene. Recently, Yuan et al. (2020) [6] measured the RON of ethanol blends with 149 

cyclohexane, 1-hexene, PRFs+aromatics and multicomponent surrogates for market gasoline. The 150 

study presented a RON correlation for gasoline surrogates with n-pentane, iso-pentane, 1,2,4-151 

trimethylbenzene, cyclohexane, 1-hexene and ethanol content.  152 

Blending octane number (bON) is a useful parameter to describe the octane blending characteristic 153 

of ethanol/gasoline mixtures [22]. For a certain ethanol concentration, bON extrapolates the 154 

effective ON of ethanol when presuming linear correlation with the base fuel ON. The approach to 155 

obtain bON for different ethanol concentrations is defined in eq 1.  156 

                                                 𝑏𝑂𝑁 =  
𝑂𝑁𝑚𝑖𝑥𝑡𝑢𝑟𝑒−(1−𝑦𝑒𝑡ℎ)𝑂𝑁𝑏𝑎𝑠𝑒

𝑦𝑒𝑡ℎ
                                                  (1)  157 

where yeth = ethanol fraction (mole or volume), ONmixture = octane number of ethanol and gasoline 158 

mixture and ONbase = octane number of the base gasoline. bON is typically greatest (or lowest for 159 

fuels exhibiting antagonistic blending) at low- to mid- level blends (30-40 vol % ethanol) [4, 10, 160 

12]. A comparison of the bON of pure gasoline components when blended with 40% ethanol 161 

fraction – in volumetric and molar – is shown in Figure 1 (a) RON and (b) MON. Figure 1 utilizes 162 

ON measurements from Foong et al. (2014) [5] for n-heptane, isooctane and toluene; Badra et al. 163 

(2017) [20] for n-pentane, iso-pentane, 1-hexene, 1,2,4-trimethylbenzene (124-TMB) and 164 

cyclopentane; and Yuan et al. (2020) [6] for cyclohexane. It is worth noting that we performed 165 

linear interpolation for unknown ONs at 40% ethanol mole fraction from neighbouring 166 

measurements.  Additionally, there is lack of ON measurements for n-heptane blended with lower 167 

than 60% ethanol by mole. Hence, the molar bON data of n-heptane shown in Figure 1 is at 60% 168 

ethanol mole fraction. 169 

The crossing point x-axis in Figure 1 represents the ONs of ethanol. Most of the fuels have 170 

synergistic blending with ethanol – having bON values that exceed the ON of ethanol. In the RON 171 

analysis, all alkanes alongside with 1-hexene and cyclohexane exhibit synergistic blending. n-172 

Heptane, by far, yields the greatest non-linearity with volumetric blending due to the high ON 173 

difference between pure ethanol and n-heptane. Cyclopentane blends linearly with ethanol. The 174 

two tested aromatics – toluene and 124-TMB – have antagonistic blending effects with ethanol. 175 

The extent of non-linearly reduces substantially when moving from volume to mole basis. Similar 176 

trends have been observed to the bMON analysis, but the extent of non-linearity reduces in 177 

comparison with the bRON. n-Pentane and n-heptane sustain synergistic blending with the MON 178 



 

8 

 

 

Saudi Aramco: Public 

analysis whereas iso-pentane and iso-octane start to exhibit more linear blending features. Toluene 179 

and 124-TMB maintain antagonistic MON blending behaviours. 1-Hexene and cyclopentane blend 180 

almost linearly with ethanol especially for the molar analysis.  181 

 182 

Figure 1. (a) bRON and (b) bMON at 40% ethanol fraction of representative gasoline surrogates.  183 

Interactions between fuel components within multicomponent gasoline surrogates can affect the 184 

octane blending response of ethanol. We showcase the bRON of PRFs (binary mixtures) and TPRFs 185 

(ternary mixtures) at 40% ethanol fraction (both volumetric and molar) in colored triangular maps, 186 

shown in Figure 2. The dataset of PRFs and TPRFs were extracted from these studies [5, 18]. As 187 

highlighted in the bON analysis of pure components, the use of molar fraction instead of volume 188 

reduces the level of non-linearity. The correlation between the base ON of PRFs and bRON differs 189 

between volumetric and molar blending. In the volumetric analysis, the bRON has the sharpest rise 190 

with low ON PRFs. High ON PRFs, in contrast, experience the highest bRON values with molar 191 

blending. There is a narrow zone where PRFs with high n-heptane content blend antagonistically 192 

with ethanol mole fraction. This is not an indicator of n-heptane blending behavior as it has 193 

synergistic blending with high ethanol mole fraction (> 50%).  194 
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The addition of toluene to PRF (TPRF mixture) reduces ethanol’s synergistic blending. This is an 195 

expected trend as toluene exhibits pronounced antagonistic blending with ethanol (Figure 1). 196 

However, the sensitivity of toluene content to reduce the blending non-linearity is affected by the 197 

ON of PRFs. The addition of toluene to high ON PRFs, with high iso-octane content, results in the 198 

sharpest decline of ethanol blending non-linearity.   199 

 200 

Figure 2. Triangular maps describing the bRON of PRFs and TPRFs at 40% ethanol volume 201 

fraction (left triangle) and 40% ethanol mole fraction (right triangle) 202 

This sub-section highlights the complexity of ethanol blending to gasoline surrogates. Each class 203 

of fuel has its unique blending response with ethanol. Additionally, interactions between gasoline 204 

components can alter the blending non-linearity. Developing a predictive ON model of 205 

ethanol/gasoline surrogates will certainly require capturing base fuel properties. The mole-base 206 

model reduces the non-linearity of ethanol blending to gasoline surrogates.   207 

3. RON and MON Measurements 208 

In this section, we present new RON and MON measurements of multicomponent gasoline 209 

surrogates blended with ethanol. The section starts by describing the experimental setup, the 210 

experimental uncertainty and features of the tested fuel mixtures. Then, we discuss the octane 211 

response of ethanol blending to the considered gasoline surrogates.  212 

3.1. Experimental Methodology 213 

The octane number (ON) measurements were performed at the Saudi Aramco Cooperative Fuel 214 

Research (CFR) engine facility. The measurements follow the standard test methods for RON [14] 215 

and MON [15]. We implemented modifications to the engine hardware to address variations in the 216 

physical and chemical properties between ethanol and gasoline. The modifications follow the 217 
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recommendation by the German institute for standardization DIN 51756-7 [23] to measure the ON 218 

of fuels with high alcohol content. Further details about the hardware modifications are presented 219 

in our previous studies [18, 20].  220 

The CFR engine measurements have uncertainty that depend on the fuel’s ON. Knop et al. (2014) 221 

[24] presented the reproducibility limits of the RON and MON measurements. These limits are 0.7 222 

units for RON 80-100, then increase from 1-2 units for RON 101-104; up to 3.5 units for RON 108. 223 

In the MON scale, the reproducibility limits are 0.9 unit for MON 80-90 raising to 2 units for MON 224 

102-103. The octane blending model developed in this study (Section 4) will be evaluated by the 225 

number of predictions that lie out of the reproducibility limits. The reproducibility limits of 226 

unreported ON measurements in [24] were either calculated by linear interpolation of neighbouring 227 

points; or assumed to be matching the nearest neighbour for predictions outside the dataset in [24] 228 

(e.g. the reproducibility limit is 0.7 unit for RON < 80). The ONs of ethanol are at regions with 229 

considerably high reproducibility limits – leading to uncertainties in reporting of their exact values. 230 

These studies [3-6] have reported RON of 108-109 and MON of 89-91 for ethanol. In this study, 231 

we adopted ethanol ON measurements from Foong et al. (2014) with RON 108 and MON 90.7, 232 

which is consistent to our previous studies [18, 20].  233 

The study provides new RON and MON measurements of multicomponent gasoline surrogates 234 

blended with ethanol. The first set of surrogates are designed to study the effect of 1-hexene, 1,2,4-235 

trimethylbenzene (124-TMB) and cyclopentane presence in the base fuel on the non-linearity of 236 

ethanol blending. For each of the aforementioned gasoline components, we formulated two 237 

surrogates by blending the gasoline component at two volumetric levels with different PRFs. The 238 

design constraint of these surrogates is to target a base RON of 75. The calculation of base RON 239 

was based on linear extrapolation of Singh et al. (2017) [25] octane number measurements for 1-240 

hexene/PRF and 124-TMB/PRF mixtures; and linear by volume blending for cyclopentane/PRF 241 

mixtures. In this study, these surrogates are labelled as ternary mixtures. Table 2 provides the 242 

compositions of the analysed ternary mixtures in volume and molar basis. We measured the RON 243 

and MON of each surrogate with 0, 5, 15, and 30 vol.% ethanol.   244 

Table 2. Compositions of the analyzed ternary mixtures 245 

Blend ID 

Base 

PRF 

ON  

Volume% (Mole%) 

n-Heptane Iso-Octane 1-Hexene 124-TMB Cyclopentane 
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PRF-10Hex 73.1 24 (25.7) 66 (61.8) 10 (12.5) - - 

PRF-20Hex 71.8 23 (23.3) 57 (52.5) 20 (24.2) - - 

PRF-15TMB 63.3 31 (32.9) 54 (50.2) - 15 (16.9) - 

PRF-30TMB 42.1 41 (41.1) 29 (26.4) - 30 (32.5) - 

PRF-10CPT 72.3 25 (25.4) 65 (58.6) - - 10 (16.0) 

PRF-20CPT 68.8 25 (23.7) 55 (46.4) - - 20 (29.9) 

 246 

Badra et al. (2017) [20] developed a model to predict ethanol blending response to multicomponent 247 

gasoline surrogates with 8 components. To evaluate the model predictability, the study utilized ON 248 

measurements of Fuels for Advanced Combustion Engines (FACE) gasolines [26] blended with 249 

ethanol. Since FACE gasolines contain hundreds of components, surrogates must be formulated to 250 

utilize the developed model. Badra et al. (2017) [20] suggested two surrogates: (i) Surrogate #1 251 

calculates the RON and MON of the surrogates using Ghosh et al. (2006) [22] model and (ii) 252 

Surrogate #2 combines Ghosh et al. (2006) [22] ON model with some insights from the PIONA 253 

(paraffins, iso-paraffins, olefins, naphthenes and aromatics) of the base FACE gasolines. Even 254 

though the model reproduced the ethanol octane response of FACE gasolines and surrogates with 255 

good accuracy, Badra et al. (2017) [20] did not provide any experimental evidence of base 256 

properties matching. If there are substantial differences in the ONs of FACE gasolines and their 257 

surrogates, the model will suffer from significant deviations in predicting the ethanol blending 258 

behavior with the real fuel. In this study, we evaluated the performance of Surrogate #2 for FACE 259 

A, I and J. These multicomponent surrogates (MCS) have been labelled as MCS A, MCS I and 260 

MCS J. Table 3 provides the compositions in volume and mole fraction of the analyzed 261 

multicomponent surrogates. Each surrogate was blended with 0, 10, 25 and 40 vol% ethanol.  262 

Table 3. Compositions of the analyzed FACE gasolines surrogates 263 

 MCS A MCS I MCS J 

V
o
lu

m
e%

 (
M

o
le

%
) 

n-Heptane 7.8 (7.8) 16.3 (15.7) 27.2 (26.4) 

n-Pentane 6.2 (7.9) 1.0 (1.2) 10.8 (13.3) 

iso-Octane 63.5 (55.9) 49.2 (42.0) 32.5 (27.9) 

iso-Pentane 20.7 (25.7) 20.9 (25.2) 0.6 (0.7) 

Toluene 0.2 (0.2) 0.9 (1.2) 1.1 (1.5) 

124-TMB 0.1 (0.2) 0.1 (0.1) 24.3 (25.2) 
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Cyclopentane 1.3 (2.0) 4.0 (6.0) 2.8 (4.2) 

1-Hexene 0.2 (0.3) 7.6 (8.6) 0.7 (0.8) 

 264 

We prepared the tested fuels using ethanol (99.8%) and toluene (99.8%) from VWR Chemicals; 265 

and n-heptane (99%), iso-octane (99%), n-pentane (99%), iso-pentane (99%), 1,2,4-266 

trimethylbenzene (98%), cyclopentane (98%) and 1-hexene (97%) from Sigma Aldrich. The 267 

fuel preparation was adhering volume blending protocols.    268 

3.2. Experimental Results 269 

The measured ONs of the ternary gasoline surrogates blended with ethanol are presented in Table 270 

4. Figure 3 presents these ON measurements with ethanol volume and mole fractions, accompanied 271 

with the linear-by-volume and linear-by-mole lines. The surrogates with 1-hexene and 124-TMB 272 

content satisfy the design criteria of having base RON of 75. However, the design of ternary 273 

mixtures with cyclopentane content underestimates the measured RON, with PRF-10CPT and PRF-274 

20CPT having RON of 79.0 and 82.3, respectively. This highlights the limitation of linear-by-275 

volume blending to estimate the RON of cyclopentane/PRF mixtures. All ternary surrogates exhibit 276 

synergistic blending with ethanol volume fraction. The level of synergy reduces with the molar 277 

blending.  278 

The non-linearity of ethanol blending can be visualized better by examining the difference between 279 

the measured ONs and the linear-by-volume or linear-by-mole lines (D). Figure 4 shows the D 280 

values of the ternary mixtures blended with ethanol. For all the cases, the increase in either 1-281 

hexene, 124-TMB or cyclopentane content in the surrogate causes a reduction in the blending non-282 

linearity. This confirms that n-heptane and iso-octane (PRFs) have greater synergistic blending 283 

with ethanol than the three analyzed gasoline surrogate components, as discussed in the bON 284 

analysis (Figure 1). The antagonistic blending of pure 124-TMB with ethanol (Figure 1) justifies 285 

the sharp decrease in the non-linearity with high 124-TMB content surrogate. In fact, there are 286 

zones with antagonistic molar blending of PRF-30TMB in the RON analysis.  287 

Table 4. Measured RONs and MONs of the ternary mixtures blended with ethanol 288 

 PRF-10Hex PRF-20Hex PRF-15TMB PRF-30TMB PRF-10CPT PRF-20CPT 

Ethanol 

vol%  
RON MON RON MON RON MON RON MON RON MON RON MON 
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0  75.0 73.1 75.0 72.0 76.0 72.0 74.9 68.5 79.0 77.1 82.3 81.5 

5 79.7 77.2 79.9 75.9 79.7 76.0 78.0 71.9 83.8 82.3 86.2 84.0 

15 89.0 82.4 88.0 82.2 88.0 82.4 84.2 77.0 91.8 87.3 93.5 87.4 

30 98.7 89.0 97.7 87.8 97.5 88.4 93.9 84.0 100.8 90.0 101.0 89.2 

 289 

 290 

Figure 3. Measured RONs (square symbols) and MONs (circle symbols) of ternary mixtures 291 

blended with ethanol from volume analysis (filled symbols) and molar analysis (open symbols). 292 

Each sub-plot includes linear-by-volume or mole lines.  293 
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 294 

Figure 4. Difference between the measured octane number of ternary mixtures and the linear-by-295 

volume (left sub-figures) and the linear-by-mole (right sub-figures) blending of ethanol. Upper 296 

sub-figures present RON results and lower sub-figures present MON results.  297 

Table 5 presents the RON and MON of the multicomponent surrogates blended with ethanol. Figure 298 

5 compares the ONs of these surrogates with measurements of FACE gasolines/ethanol blends 299 

reported by Badra et al. (2017) [20]. It also includes ON calculation using Badra et al. (2017) [20] 300 

blending model for gasoline surrogates. There is an apparent deviation between the base ONs of 301 

the FACE gasolines and their respective surrogates, leading to a mismatch in the blending octane 302 

response with ethanol. This highlights the limitation of the methodology to formulate surrogates 303 

presented by Badra et al (2017) [20]. The model, on the other hand, captures the octane response 304 

of the multicomponent surrogates with reasonable accuracy. Only a minor deviation is observed 305 

for MCS I and J at the 40 vol% ethanol.   306 

Table 5. Measured RONs and MONs of the FACE gasoline surrogates blended with ethanol          307 

 MCS A MCS I MCS J 

Ethanol 

vol% 
RON MON RON MON RON MON 

0 88.5 87.2 82.8 80.6 79.1 73.3 

10 95.5 90.9 90.5 86.0 85.6 79.0 

25 103.0 92.8 99.2 89.8 94.5 85.6 

40 106.3 92.8 104.5 90.4 101.0 88.5 

 308 
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 309 

Figure 5. Measured octane numbers (a) RON and (b) MON of multicomponent surrogates from 310 

current study and FACE gasolines from Badra el al. (2017) [20] compared with the calculated 311 

octane numbers from Badra et al. (2017) [20] blending model for gasoline surrogates 312 

4. Ethanol/Gasoline Surrogates Blending Rule  313 

This section details the developed octane blending model of ethanol/gasoline surrogates. We start 314 

by describing the methodology for developing the blending rule, followed by a description of the 315 

model specification. Finally, we evaluate the model performance by comparing it with other models 316 

available in literature.  317 

4.1. Methodology to Develop Blending Rule  318 

The methodology for developing the blending rule is described herein. We provide details about 319 

the sources of the dataset utilized and the method in which they have been categorized. After that, 320 

we explain the algorithm used to develop the octane regression model for ethanol/gasoline 321 

surrogates blends.   322 

4.1.1. Data Sources   323 

The new octane number (ON) measurements presented in this study, along with the available data 324 

of ethanol blended with gasoline surrogates are used to develop the octane blending rule. The 325 

dataset is categorized based on the base gasoline content: (i) single components, (ii) PRFs, (iii) 326 

TPRFs, (iv) ternary mixtures, and (v) multicomponent surrogates. ON measurements available in 327 

literature were utilized for single components [5, 6, 20], PRFs [16-18, 21] and TPRFs [5, 16-18] 328 
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whereas Section 3 presents the data for ternary mixtures and multicomponent surrogates (MCS A, 329 

I and J). Table S1 in the Supplementary Material 1 lists all the ON measurements for blends of 330 

ethanol with gasoline surrogates.  331 

A statistical analysis describing the distribution of the dataset in the RON scale is shown in Figure 332 

6. Most of the dataset for single components is located between RON 80-110. The limited 333 

measurements with RON < 80 belong to ethanol blends with n-heptane. There is an extensive 334 

database of PRFs/ethanol blend that spans from RON 50-100 with the majority populated at RON 335 

> 80. The majority of TPRFs measurements are either with base RON 60 reported by AlRamadan 336 

et al. (2016) [18] or base RON 91 reported by Foong et al. (2014) [5]. The TPRFs dataset lack 337 

ethanol blends with RON between 85 to 95. The ternary mixtures have relatively uniform 338 

distribution around RON 80-100. The limited dataset of multicomponent surrogates covers 85-110 339 

RON. Similar statistical analysis for the MON scale is shown in Figure S1 in the Supplementary 340 

Material 1. Overall, the developed regression model utilizes dataset with high density at RON 80-341 

110 and MON 70-95, which are representative of typical gasoline/ethanol blends. Beyond that 342 

range, the prediction of the blending octane model is prone to substantial deviation.    343 

 344 

Figure 6. RON distribution of the utilized dataset to develop the blending model where box edges 345 

represent 25-75th percentile, outer whiskers represent 1.5 of the standard deviation, open 346 

rectangular symbol represents the mean, line inside the box represents the median, start symbols 347 

represent outliers, solid diamonds represent the data point and curved line represents the normal 348 

distribution   349 
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4.1.2. Modeling Algorithm   350 

This section describes the modeling algorithm used to develop the ethanol blending model. Details 351 

about the structure of the master equation and the algorithms deployed to categorize the data, train 352 

the model and test the performance of the model are provided. The modelling methodology follows 353 

a typical regression exercise of dataset, as illustrated in Figure 7.  354 

 355 

Figure 7. Modeling algorithm for establishing ethanol blending rule with gasoline surrogates 356 

Master Equation  357 

The structure of the master equation – describing the blending response of ethanol to gasoline 358 

surrogates – follows a typical linear-by-mole correlation with the addition of a non-linearity term, 359 

as shown in eq 2 360 

                                          𝑂𝑁𝑚𝑖𝑥𝑡𝑢𝑟𝑒 = 𝑥𝑒𝑂𝑁𝑒 + (1 − 𝑥𝑒)𝑂𝑁𝑏𝑎𝑠𝑒 + 𝐷                                     (2) 361 
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where ONe is ethanol octane number, xe ethanol mole fraction, ONbase is the octane number of the 362 

gasoline surrogate and D is the non-linearity term. The definition of D is a linear combination of 363 

the base fuel features:  364 

                                                                 𝐷 =  ∑ 𝜃𝑖𝑓𝑖
𝑛
𝑖 =1                                                              (3) 365 

where fi are the collection of base fuel features, i are the features’ coefficients and n is the number 366 

of features. The features are mainly based on the mole fraction of the gasoline surrogates in the 367 

base fuel. In addition, there is pronounced reliance in the non-linearity of ethanol blending with the 368 

difference between RON and MON, commonly known as octane sensitivity (OS). The OS effect is 369 

illustrated in Figure 8 through comparing the bRONmole of all the dataset of gasoline 370 

surrogates/ethanol blends highlighted in Section 4.1.1 against their base OS. The general trend is 371 

an inverse correlation between the bRON and the base fuel OS. A similar trend has been observed 372 

in the MON analysis (Figure S2 in the Supplementary Material 1). Low OS fuels that have high 373 

saturate content (n-alkanes, iso-alkanes and naphthenes) exhibit – in general – synergistic blending 374 

with ethanol (Figure 1). In contrast, the high OS of the tested gasoline surrogates arises from their 375 

high aromatic content that blends antagonistically with ethanol. These bRON and bMON 376 

correlations are consistent to Anderson et al. (2020) trends of commercial gasoline/ethanol blends. 377 

Therefore, the base fuel OS has been added as a feature (fi) to eq 3.   378 

 379 

Figure 8. Variation of the measured bRONmole for the analyzed classes of gasoline surrogates with 380 

respect to base fuel octane sensitivity (OS). Dashed line represents the RON of ethanol 381 
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The initial model of D comprises of the base fuel OS and the mole fraction of components in the 382 

base fuel as representative features. The gasoline surrogates included in the model are n-heptane, 383 

n-pentane, iso-octane, iso-pentane, toluene, 124-trimethylbenzene, cyclopentane, cyclohexane (for 384 

RON only) and 1-hexene. However, these features were not adequate to develop a predictive model. 385 

Hence, we decided to include the squared features (features2) along with binary multiplication 386 

between the mole fraction of base fuel (featurea x featureb). Since accounting for the binary 387 

interaction of all the considered components yield to a total of 32 possibilities, we considered only 388 

the gasoline surrogates with pronounced synergistic/antagonistic effect. The overall blending non-389 

linearity (D) has a structure described in eq 4 where the first row represent the features, second row 390 

represents features2 and third row represent binary interactions between base fuel components.   391 

𝐷 =  𝜃1𝑂𝑆 + 𝜃2𝑥𝐻𝑒𝑝 + 𝜃3𝑥𝑃𝑒𝑛 + ⋯ + 𝜃10𝑥𝐻𝑒𝑥 392 

+𝜃11𝑂𝑆2 + 𝜃12𝑥𝐻𝑒𝑝
2 + 𝜃13𝑥𝑃𝑒𝑛

2 + ⋯ + 𝜃20𝑥𝐻𝑒𝑥
2 393 

              +𝜃21𝑥𝐻𝑒𝑝𝑥𝑃𝑒𝑛 + 𝜃22𝑥𝐻𝑒𝑝𝑥𝑂𝑐𝑡 + 𝜃23𝑥𝐻𝑒𝑝𝑥𝑇𝑜𝑙 + ⋯ + 𝜃27𝑥𝑃𝑒𝑛𝑥𝑇𝑀𝐵                (4) 394 

Data preparation  395 

As described in Section 4.1.1., the study utilized 198 RON and 139 MON measurements to develop 396 

a blending rule of ethanol to gasoline surrogates. These dataset have been randomly split as 85% 397 

training and 15% test. The model optimization was done using the training set, following which, 398 

the performance of the model was evaluated against the test set. The process of data preparation 399 

was iterated multiple times to study the model performance with different combination of 400 

training/test dataset.   401 

Training the model  402 

A cost function was defined to evaluate the performance of the model. It is based on computing the 403 

mean squared error of the calculated and measured octane number. In addition, a regularization 404 

parameter that includes all of the features’ coefficients (i in eq 3) has been added to avoid 405 

overfitting. The overall structure of the cost function is:  406 

                                  𝐽(𝜃) =  
1

2𝑚
∑ (𝑂𝑁𝑏𝑙𝑒𝑛𝑑(𝑥(𝑖)) − 𝑂𝑁𝑚𝑒𝑎𝑠

(𝑖)
)

2
+

𝜆

2𝑚
∑ 𝜃𝑗

2𝑛
𝑗=1

𝑚
𝑖=1                    (5) 407 
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where m is the number of training set, n is the number of features, θ is the features coefficients and 408 

λ is the regularization parameter. In eq 5, the first sum represents the mean squared error and the 409 

second sum represents the regularization parameter.  410 

The reproducibility limits of the RON and MON vary based on the octane number range (Further 411 

details in Section 3.1). The ON measurements have narrow reproducibility limits for ONs under a 412 

certain threshold (100 for RON and 90 for MON). The reproducibility limits are 0.7 units for RON 413 

< 100 and 0.9 units for MON < 90. Beyond these thresholds, the reproducibility limits can rise up 414 

to 3.5 units for RON and 2 units for MON. Therefore, an adaptive cost function has been defined 415 

to amplify the weight of errors in the low reproducibility limit range. The adaptive cost function is 416 

described in eq 6.  417 

    𝐽(𝜃) =
𝛼

2𝑚
∑ (𝑂𝑁𝑏𝑙𝑒𝑛𝑑(𝑥(𝑖)) − 𝑂𝑁𝑚𝑒𝑎𝑠

(𝑖)
)

2
𝑤
𝑖=1 + 

1

2𝑚
∑ (𝑂𝑁𝑏𝑙𝑒𝑛𝑑(𝑥(𝑖)) − 𝑂𝑁𝑚𝑒𝑎𝑠

(𝑖)
)

2
𝑚
𝑖=𝑤+1  418 

                                                                              +
𝜆

2𝑚
∑ 𝜃𝑗

2𝑛
𝑗=1                                                            (6) 419 

where w is the number of measurements below the ON threshold, m-w is the number of 420 

measurements above the ON threshold and  is the amplification factor, which is higher than 1. 421 

The unconstrained minimization function in MATLAB (fminunc) has been utilized to find the 422 

features’ coefficients (i in eq 3) that minimize adaptive cost function of the training set. The 423 

features’ coefficients were initialized randomly.  424 

Testing the model  425 

The performance of the model was evaluated by computing the cost function of the test dataset. In 426 

addition, counting the number of predictions within the ON reproducibility limits was another 427 

method to evaluate the model.  428 

Model selection  429 

Multiple iterations of the data preparation, model training and model testing steps were performed 430 

while recording the performance of each model. Out of the best 10% performing models that 431 

minimize the cost function of the validation dataset, the selected model has the minimum cost 432 

function of the test dataset.  433 
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4.2. Model Specification  434 

The optimized coefficients (i in eq 3) are described in Table 6 for the RON model and Table 7 for 435 

the MON model. The coefficients are categorized as features, features2 and binary interactions. In 436 

summary, the proposed model utilizes the master equation described in eq 2. The non-linearity term 437 

(D) is calculated using the base fuel properties – with no ethanol content – that include the octane 438 

sensitivity (OS) and the mole fraction of gasoline components. Eq 3 defines D where the features’ 439 

coefficients can be obtained from Tables 6 and 7. It is worth noting that cyclopentane’s content has 440 

been included as a feature when training the RON model. However, the model yielded to a near-441 

zero coefficient for cyclopentane. Such outcome aligns with the linear blending nature of 442 

cyclopentane with ethanol (Figure 1), and hence, the RON model disregards cyclopentane’s 443 

content. An interactive spreadsheet was included in the Supplementary Materials (Supplementary 444 

Material 2)  that implements the ethanol octane blending model with gasoline surrogates. 445 

Table 6. Coefficients for modeling the RON of ethanol blending with gasoline surrogates 446 

RON 

Features 

OS xHep xPen xIsooct xIsopen xCHX xTol xTMB xHex 

-0.271 94.5 49.7 22.6 13.1 16.7 8.5 -16.3 22.9 

Features2 

OS2 xHep2 xPen2 xIsooct2 xIsopen2 xCHX2 xTol2 xHex2 

5.64E-3 -215.2 -52.5 -6.0 -11.2 -10.0 -46.9 -22.9 

Binary Interactions 

xHep * xIsooct xHep * xPen xHep * xTol xHep * xTMB xHep * xHex xPen * xTMB 

-66.8 -530.4 25.4 -122.3 -257.9 369.0 

 447 

Table 7. Coefficients for modeling the MON of ethanol blending with gasoline surrogates 448 

MON 

Features 

OS xHep xPen xIsooct xIsopen xCPT xTol xTMB xHex 

-0.264 118.2 71.1 2.6 13.7 -18.4 -4.9 -20.9 7.0 

Features2 
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OS2 xHep2 xPen2 xIsooct2 xIsopen2 xCPT2 xTol2 xTMB2 xHex2 

0.0198 -226.1 69.3 15.1 -8.0 20.5 -28.5 7.0 -16.0 

Binary Interactions 

xHep * xIsooct xHep * xPen xHep * xTol xHep * xTMB xIsooct*xTol  xPen * xTMB 

-3.1 -1120.2 49.8 -72.7 18.1 870.2 

 449 

4.3. Model Performance 450 

This section analyses the model predictability against the ON reproducibility limits. The analysis 451 

compares the performance of the developed model against our previous model proposed by Badra 452 

et al. (2017) [20]. The measurements have been segregated as training and test dataset. Table 8 453 

describes the distribution of ON measurements utilized to train the ethanol blending model. 454 

Table 8. Percentage of dataset used from the classes of gasoline surrogates to train the RON and 455 

MON blending models 456 

Class RON MON 

Single Components 77% 82% 

PRFs 87% 79% 

TPRFs 88% 85% 

Ternary Mixtures  94% 94% 

Multicomponent Surrogates 78% 100% 

Overall 85% 85% 

 457 

4.3.1. Single Components  458 

Figure 9 shows the difference between the predicted and measured (a) RON and (b) MON of the 459 

single-component surrogates blended with ethanol using the developed model and the model 460 

proposed by Badra et al. (2017) [20]. In the RON analysis, the majority of predictions of both 461 

models are within the reproducibility limits. The only notable deviation is Badra et al. (2017) [20] 462 

RON calculation of toluene/ethanol blends. The four toluene/ethanol blends with RON > 108 have 463 

absolute deviation higher than the reproducibility limit of 3.5 units. The proposed model in this 464 

study sustains its good predictability of single components in the MON analysis. The pronounced 465 
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deviation of toluene/ethanol blends observed in the RON analysis is maintained in the MON 466 

calculations of Badra et al. (2017) [20] model. The proposed model has overall better ON 467 

predictability of ethanol blends to gasoline surrogates. Additionally, the model is capable of 468 

predicting ethanol RON response to gasoline surrogates with cyclohexane content.  469 

 470 

Figure 9. (a) RON and (b) MON deviations between predicted and measured dataset for single-471 

component gasoline surrogates blended with ethanol using the model developed herein and the 472 

model proposed by Badra et al. (2017) [20] 473 

4.3.2. PRFs and TPRFs 474 

The ON prediction of PRFs blended with ethanol is shown in Figure 10. Both models perform well 475 

in predicting PRF/ethanol blends with RON > 80. However, the proposed model suffers from 476 

significant deviations in some of the measurements with RON < 80. The highest deviations 477 

observed are for three test measurements of PRF10, PRF20 and PRF30 blended with low ethanol 478 

fraction (10-20 vol.% ethanol). The model under-predicts the RON of these measurements with 479 

deviations higher than 2 units. Several attempts were made to include these measurements in the 480 

training set but yielded in worsening the performance of the overall model. The deviation could be 481 

a consequence of the limited number of PRF measurements with RON < 80, as highlighted in 482 

Figure 6. Nevertheless, commercial gasoline – from which surrogates are formulated – has typically 483 

RON higher than 80. Therefore, it has been decided to proceed with the proposed model, while 484 

acknowledging its potential limitation to predict the blends of ethanol to gasoline surrogates with 485 

RON < 80. In the MON analysis, the proposed model has good predictability for all tested PRFs. 486 
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However, the model is still limited to predict the response of low MON PRF/ethanol blends because 487 

of the shortage in MON measurements for PRF10, PRF20 and PRF30 blended with ethanol.  488 

 489 

Figure 10. (a) RON and (b) MON deviations between predicted and measured dataset for PRFs 490 

blended with ethanol using the model developed herein and the model proposed by Badra et al. 491 

(2017) [20] 492 

The ON deviations of the TPRF/ethanol blends between the analyzed models are shown in Figure 493 

11. Both models perform well in predicting the RON blending response, especially for the high 494 

RON TPRF/ethanol blends (RON>90). The proposed model has good performance in predicting 495 

all the MON measurements. It resolves the limitation of Badra et al. (2017) [20] model in under-496 

predicting the MON of multiple blends.   497 

 498 
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Figure 11. (a) RON and (b) MON deviations between predicted and measured dataset for TPRFs 499 

blended with ethanol using the model developed herein and the model proposed by Badra et al. 500 

[20] 501 

4.3.3. Ternary Mixtures and Muticomponent Surrogates 502 

This sub-section presents the performance of the analyzed models in predicting the new ON 503 

measurements of ternary mixtures and multicomponent surrogates. It is worth noting that Badra et 504 

al. (2017) [20] model has not been optimized on these measurements. Figure 12 shows the ON 505 

deviations of the analyzed models for ternary mixtures. The proposed model performs well in 506 

predicting most of the RON and MON measurements with limited number of points out of the 507 

reproducibility limits. Such accuracy is as high as 94% of the ON measurements of ternary mixtures 508 

were used to train the blending model (Table 8). The accuracy of the current model  is significantly 509 

better than that of Badra et al. (2017) [20] which suffers from pronounced deviations mainly in the 510 

RON measurements. This implies the inadequacy of including only the blending response of pure 511 

components, as performed by Badra et al. (2017) [20], to predict the blending response of ternary 512 

mixtures.  513 

 514 

Figure 12. (a) RON and (b) MON deviations between predicted and measured dataset for ternary 515 

mixtures blended with ethanol using the model developed herein and the model proposed by Badra 516 

et al. (2017) [20] 517 

Comparison of the analyzed models in predicting the octane response of multicomponent 518 

surrogates/ethanol blends is shown in Figure 13. The proposed model has exceptional predictability 519 

of multicomponent surrogates ONs with only one MON prediction outside the reproducibility 520 
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limits. The good predictability can be attributed to the high proportion of multicomponent 521 

surrogates used  to train the model (Table 8), as suggested by the iterative algorithm. Badra et al. 522 

(2017) [20] model has reasonable performance, given that multicomponent surrogates were not part 523 

of the model optimization. Three out of the nine multicomponent surrogates predictions were out, 524 

but within close proximity, of the reproducibility limits.  525 

 526 

Figure 13. (a) RON and (b) MON deviations between predicted and measured dataset for 527 

multicomponent surrogates blended with ethanol using the model developed herein and the model 528 

proposed by Badra et al. (2017) [20] 529 

4.3.4. Overall Model Performance  530 

To summarize the overall performance of the current model and the one by Badra et al. (2017) [20], 531 

the percentage of ON measurements positioned outside the reproducibility limits are presented. The 532 

percentages are shown in Table 9 for RON and Table 10 for MON. Although all of the dataset for 533 

single components/ethanol blends were used to train Badra et al. (2017) [20], the proposed model 534 

in this study has better overall RON and MON predictability. In fact, the proposed model utilizes 535 

low percentage of single components – relative to other gasoline surrogate classes – to train the 536 

blending model (refer to Table 8). Both models share similar capability to predict the ON of PRFs 537 

and TPRFs blends with ethanol. There is substantial improvement in using the proposed model for 538 

ternary mixtures and multicomponent surrogates compared to Badra et al. (2017) [20]. This is 539 

expected as Badra et al. (2017) [20] model has not been optimized to predict these new 540 

measurements. For the RON model, the percentage of test points positioned out of the 541 

reproducibility limits is higher than the training dataset. This is an understandable consequence of 542 

using only training dataset to develop the blending model. However, all the test points for the MON 543 
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model were within the reproducibility limits. This may appear initially as counterintuitive but 544 

examining the cost function of the test set was part of the model selection process (Refer to Section 545 

4.1.2.). The aforementioned cause and the small percentage of test dataset (15%) assist in achieving 546 

good performance of the test set.  547 

Table 9. Percentage of dataset positioned outside the RON reproducibility limits from the model 548 

developed herein and the model proposed by Badra et al. (2017) [20] 549 

Class Training Test All Data 
Badra et al. 

(2017) [20] 

Single Components 8% 18% 10% 14% 

PRFs 10% 27% 12% 11% 

TPRFs 23% 20% 23% 23% 

Ternary Mixtures 6% 0% 6% 61% 

Multicomponent Surrogates 0% 0% 0% 33% 

Overall 11% 20% 13% 20% 

 550 

Table 10. Percentage of dataset positioned outside the MON reproducibility limits from the model 551 

developed herein and the model proposed by Badra et al. [20] 552 

Class Training Test All Data 
Badra et al. 

(2017) [20] 

Single Components 4% 0% 3% 15% 

PRFs 35% 0% 28% 28% 

TPRFs 21% 0% 18% 38% 

Ternary Mixtures 24% 0% 22% 33% 

Multicomponent Surrogates 11% - 11% 33% 

Overall 20% 0% 17% 29% 

 553 
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4.4. Implications 554 

The proposed model is an upgrade of our previous model presented by Badra et al. (2017) [20]. 555 

The modeling algorithm (Section 4.1.2) follows certain regression protocols to generalize the 556 

model and avoid overfitting. These protocols include (i) dividing the dataset into training and test 557 

sets and (ii) including regularization parameter to the cost function (eq 6).  The model established 558 

by Badra et al. (2017) [20] is more susceptible to over-fitting as it utilizes all available ON dataset 559 

of ethanol blended with gasoline surrogates. In addition, the structure of D in the master equation 560 

is much simpler for the proposed model (eq 3) than that in Badra et al. (2017) (eq 7 in [20]). The 561 

D in this study consists of simply linear combination of base fuel properties whereas the D in Badra 562 

et al. (2017) [20] has high-order polynomials (up to sixth order) and squared roots (susceptible to 563 

negative square root). Even with the simple structure of the proposed model, it has better overall 564 

performance in predicting the octane response of ethanol blends to gasoline surrogates (refer to 565 

Section 4.3). Additionally, unlike Badra et al. (2017) model, the updated model can estimate the 566 

RON response of surrogates with cyclohexane content.  567 

The presented model outperforms models available in literature [11, 12, 17] in estimating the ON 568 

blending response of ethanol to gasoline surrogates. This is demonstrated in Figure 14 as box plots 569 

of the deviations in the RON of analyzed models. The same RON dataset as the ones used to 570 

develop the proposed model (Section 4.1.1) were utilized to compare other models. Only PRFs and 571 

TPRFs dataset were considered for Aronsson et al. (2014) [17] TPRF/ethanol blending model.  572 

In a recent study, Anderson et al. (2020) [12] proposed two models to estimate the octane response 573 

of ethanol to commercial gasoline. The first considers the ON of the base fuel and the other is based 574 

on the base fuel hydrocarbon (HC) composition.  While the ON model has better predictability than 575 

the HC composition model, the proposed model outperforms both models in all statistical aspects: 576 

deviations mean, median, 25th-75th percentile, and 1.5 interquartile range. It must be emphasized 577 

that Anderson et al. (2020) [12] models have a generalized scheme to predict ethanol blending 578 

response to commercial gasoline. Our proposed model is designed only to predict the ethanol 579 

response to certain gasoline surrogates. Therefore, it is more appropriate to limit the use of the 580 

proposed model to only gasoline surrogates. Predicting the ethanol blending response of real 581 

gasoline using our model can lead to significant deviations in the gasoline surrogate formulation as 582 

shown for the FACE gasolines case (Figure 5).  583 

Wang et al. (2017) [11] proposed a simple model to estimate the ON of gasoline with ethanol 584 

content. The study introduced a parameter, called as normalized octane improvement, which 585 
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depends on the ON of base fuel, ethanol and gasoline/ethanol blend. The Wang et al. (2017) [11] 586 

model suffers from pronounced RON deviations that can go up to 15 units. Aronsson et al. (2014) 587 

[17] model for ethanol blends with PRFs and TPRFs have similar performance to our model. 588 

However, there are many outliers in Aronsson et al. (2014) [17] model with deviations that exceed 589 

5 RON units.  590 

Overall, this section showcased the strength of the proposed model in predicting the octane 591 

response of gasoline surrogates when blended with ethanol.  592 

 593 

Figure 14. Box plots comparing the performance of the proposed model with models from Badra 594 

et al. (2017) [20] Anderson et al. (2020) [12] that considers base fuel octane numbers, Anderson et 595 

al. (2020) [12] that considers base fuel hydrocarbon composition, Wang et al. (2017) [11] and 596 

Aronsson et al. (2014) [17] to predict the RON of ethanol blending with single components, PRFs, 597 

TPRFs, ternary mixtures and multicomponent surrogates (only PRFs and TPRFs dataset were 598 

considered to evaluate Aronsson et al. (2014) [17] model) 599 

5. Conclusion 600 

In this study, new RON and MON measurements were provided to assist in broadening the 601 

knowledge of ethanol blending response to gasoline surrogates. The first set of blends were ternary 602 

mixtures of PRFs blended with each of these gasoline components, 1-hexene, 1,2,4-603 

trimethylbenzene and cyclopentane. Any increase in the content of the aforementioned gasoline 604 
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components resulted in reducing the synergetic blending of PRFs, especially for 1,2,4-605 

trimethylbenzene, which in its pure form exhibits antagonistic blending with ethanol. The second 606 

set of blends were multicomponent gasoline surrogates, designed to match the octane ratings of 607 

FACE gasolines. These new measurements along with literature dataset were utilized to develop 608 

octane predictive model of ethanol blended to gasoline surrogates. The model relies on linear-by-609 

mole correlation with ethanol addition, while adding a non-linearity term that depends on base fuel 610 

properties, namely, octane sensitivity and mole fraction of gasoline components. The modeling 611 

algorithm follows certain procedures to ensure model comprehensiveness while avoiding over-612 

fitting. Out of 337 octane number measurements of ethanol blended to gasoline surrogates, more 613 

than 85% of the model predictions are within the experimental reproducibility limits. This model 614 

is extremely useful for numerical studies that simulate the combustion of gasoline surrogates with 615 

ethanol. The model can quantify the octane boost caused by ethanol blending to pre-determined 616 

gasoline surrogates. Caution must be taken when using the proposed model to predict ethanol 617 

blending response to real gasolines. Any mismatch in the octane numbers between the real gasoline 618 

and the corresponding gasoline surrogate can lead to pronounced deviations in the ethanol blending 619 

response.   620 
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Definitions/Abbreviations 692 

ON Octane number  

PRF Primary Reference Fuel 

TPRF Toluene Primary 

Reference Fuel 

CFR  Cooperative Fuel 

Research 

n Transition point 

D Difference factor 

T Toluene factor 

Pg Single scaling 

parameter 
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