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Abstract 

Laminar flame speed and autoignition properties of gasoline play key role in the overall performance of 

spark-ignition and modern engines. Since gasoline is a complex fuel containing hundreds of species, it is 

not feasible to model all components present in gasoline. Researchers tend to employ surrogates, 

comprising of few components, that mimic targeted physical and chemical properties of gasoline. Detailed 

kinetic models of the surrogates can still be prohibitively large for CFD simulations and/or fuel-screening 

studies. For fuel-engine optimization efforts, it is highly desirable to have simple methods which can be 

used to accurately predict autoignition and laminar flame speed of real fuels. In this work, a laminar flame 

speed correlation is proposed for typical gasolines. This correlation is based on Monte-Carlo simulations 

of randomly generated mixtures comprising of 21 gasoline-relevant molecules. Laminar flame speed of 

each molecule is numerically computed over a wide range of thermodynamic conditions using detailed 

chemical kinetic models, and flame speed of each mixture is estimated with a suitable mixing rule. The 

proposed correlation is validated against experimentally-measured laminar flame speeds of various 

gasoline fuels. 
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1. Introduction 

Gasoline is a multi-component liquid fuel produced by crude oil distillation [1]. It is the most widely used 

transportation fuel, and the transportation sector accounts for more than 20% of the world’s energy 

consumption [2]. Growing transportation energy demand and increasingly stringent emission regulations 

have been driving combustion and engine research towards cleaner and more efficient solutions [3]. 

Gasoline is typically used in spark-ignition reciprocating internal combustion engines, where the fuel/air 

mixture is compressed and spark-ignited to form a propagating flame front [4]. Recently, gasoline has 

been investigated for use in advanced internal combustion concepts, such as partially premixed 

combustion PPC [5] and gasoline direct injection GDI [6], where laminar flame speed is an important 

property characterizing the premixed combustion [7]. 

Laminar flame speed (LFS) is a physicochemical property that can be defined as the rate at which a free 

flame propagates towards the unburned fuel/air mixture in a one-dimensional space [8]. LFS varies with 

the thermodynamic conditions of the unburned mixture, namely pressure, temperature and equivalence 

ratio. The dependence of LFS on pressure is negative, while temperature enhances the flame speed. LFS 

is strongly dependent on equivalence ratio with a noticeable peak around stoichiometry for most 

hydrocarbon fuels. Laminar flame speed is also termed ‘laminar burning velocity’.  

Limited experimental laminar flame speed measurements have been reported for gasoline fuels due to 

experimental difficulties. Zhao et al. [9] measured gasoline LFS at 353 K and 500 K, and atmospheric 

pressure over a wide range of equivalence ratios using a stagnation jet-wall configuration. High-pressure 

gasoline LFS was measured by Jerzembeck et al. [10] at 373 K and pressures range from 10 to 25 bar 

using the spherical chamber method. Temperature dependence of gasoline LFS was measured by 

Sileghem et al. [11] at atmospheric pressure and temperatures ranging 298 - 358 K using the heat flux 

method. Dirrenberger et al. [12] also utilized the heat flux method to study the effect of ethanol addition 

to gasoline. Recently, Di Lorenzo et al. [13] reported European gasoline (5% ethanol) LFS measurements 
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at temperatures ranging 373 - 473 K and pressures from 1 to 5 bar. Mannaa et al. [14] investigated the 

pressure dependence of FACE-C gasoline at 358 K and pressures ranging 1 - 6 bar. Several gasoline 

surrogates have been investigated in the literature. Huang et al. [15] performed LFS experiments on 

primary reference fuel (PRF) blends with research octane number RON ranging from 85 to 95 at room 

temperature and pressure. In a wider range of conditions, Liao et al. [16] measured LFS for PRF, toluene 

primary reference fuels (TPRF) and other surrogates at atmospheric pressure and temperatures up to 400 

K. The compositions of gasoline fuels used in literature LFS experimental works are summarized in Table 

1. 

Table 1: Gasoline composition of literature experimental studies of LFS. 

Reference Fuel 
n-alkanes 

(vol%) 
Alkenes 

(vol%) 
iso-alkanes 

(vol%) 
Aromatics 

(vol%) 
Oxygenates 

(vol%) 

Zhao et al. [9] CR-87 -- -- -- -- -- 

Jerzembeck et al. [10] Gasoline (RON 90) -- -- -- -- -- 

Sileghem et al. [11] Exxon 708629-60 10.37 6.2 40.2 34.39 0 

Dirrenberger et al. [12] TAE7000 10.5 -- 40.6 32.5 -- 

Di Lorenzo et al. [13] European Gasoline >3.6 6.2 -- 33.7 5 

Mannaa et al. [14], [17] FACE-C (mol%) 30 0.03 65.6 3.98 0 

Huang et al. [15] PRFs 15,10,5 0 85,90,95 0 0 

Liao et al. [16] Surrogate A 17 -- 77.4 5 0 

 

For fuel-engine optimization studies, it is quite useful to have a correlation of laminar flame speed for 

application in engine simulations where LFS data may be calculated and tabulated for use in hybrid CFD 

codes [18]. LFS correlations are mathematical equations describing the LFS dependence on pressure, 

temperature, and equivalence ratio. These are used for their simplicity and low computational cost. The 

most widely used correlation is the power-law formulation, Eq. (1). It is an empirical equation based on 

experimental observations of the laminar flame speed dependence on temperature, pressure, and 

equivalence ratio. 
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𝑆(𝑇, 𝑃, 𝜙) = 𝑆0 (
𝑇

𝑇0
)

𝛼(𝜙)

(
𝑃

𝑃0
)

𝛽(𝜙)

(1) 

where 𝑆 is the laminar flame speed as a function of temperature 𝑇, pressure 𝑃, and equivalence ratio 𝜙, 

while 𝑆0 represents the LFS at reference conditions 𝑇0 and 𝑃0. The temperature exponent 𝛼 varies with 

equivalence ratio and has positive values while 𝛽 represents the LFS pressure dependence and has negative 

values.   

Different formulations for 𝑆0, 𝛼 and 𝛽 have been proposed for gasoline. The most frequently used 

correlation formulations, given in Eqs. (2 – 4), were proposed by Heywood [4] based on research gasoline 

experiments.  

𝑆0 = 30.5 − 5.49(𝜙 − 1.21)2 (2) 

𝛼 = 2.4 − 0.271𝜙3.51 (3) 

𝛽 = −0.357 + 0.14𝜙2.77 (4) 

In order to model a gasoline fuel comprising of hundreds of components, researchers tend to employ 

simpler formulations that mimic targeted gasoline properties. Such formulations are called surrogates and 

may comprise of two or more components, such as PRFs and TPRFs [19]. PRFs are binary mixtures of n-

heptane and iso-octane whereas TPRFs are ternary mixtures of toluene, n-heptane and iso-octane. In an 

alternative approach, Xu and Wang [20] recently showed that if the number of components of a fuel 

mixture exceeds a critical value (~ 14 – 18), the high-temperature combustion behavior becomes 

statistically identical regardless of the exact composition. They termed their observation as the ‘principle 

of large component number in multicomponent fuels’ and showed its applicability to jet fuel ignition 

delay, flame speed and extinction residence time.  

Unlike jet fuel, gasoline consist of considerable fraction of components that have extreme LFS values 

(alkenes, oxygenates and aromatics). The objective of this paper is to investigate the applicability of the 
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principle of large components to gasoline fuels, and to formulate a universal laminar flame speed 

correlation based on Monte-Carlo simulations of a large number of gasoline-relevant components. 

2. Methodology 

The methodology used in this work is iterative in nature; it is shown in Fig. 1 as a flow chart. We start by 

generating a laminar flame speed database for gasoline-relevant components. Thereafter, LFS is calculated 

for randomly generated mixtures by using a suitable mixing rule. LFS correlation is then formed and 

validated initially against Monte-Carlo simulations and then against experimentally-measured LFS of 

various gasoline fuels. Finally, a universal gasoline laminar flame speed correlation is proposed. 

 

Figure 1: Methodology to obtain a universal gasoline LFS correlation. 

We selected 21 gasoline-relevant components based on detailed hydrocarbon analysis of different 

commercial gasolines and the availability of chemical kinetic models of these components. The selected 

components belong to eight different functional groups, as listed in Table 2. 
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Table 2: Selected gasoline-relevant 21 components. 

Group Component MW (g/mol) ∆𝒇𝑯𝒄
𝟎 (kJ/mol) [21]  LHV (kJ/mol) [21] 

n-Alkanes n-butane 58.1222 -126.01 2657.18 

n-heptane 100.2019 -188.76 4500.45 

n-pentane 72.1488 -147.16 3271.37 

n-decane 142.2817 -250.50 6344.73 

iso-Alkanes iso-octane 114.2285 -228.23 5096.32 

iso-butane 58.1222 -135.03 2648.16 

neopentane 72.1488 -168.64 3249.89 

Aromatics benzene 78.1118 82.74 3169.29 

toluene 92.1384 49.86 3771.75 

xylenesa 106.165 17.86 4375.09 

naphthalene 128.1705 150.61 5053.03 

Cycloalkanes cyclohexane 84.1595 -124.03 3688.01 

Cycloalkenes cyclopentene 68.117 32.63 2967.50 

Alkenes butenesa 56.1063 -0.60 2540.76 

pentenesa 70.1329 -33.45 3143.25 

heptenesa 98.1861 -74.72 4372.66 

1-hexene 84.1595 -42.05 3769.99 

iso-Alkenes iso-butene 56.1063 -15.97 2525.39 

iso-octenesa 112.2126 -108.66 4974.06 

Oxygenates methanol 32.0419 -201.14 676.03 

ethanol 46.0684 -235.44 1277.07 
a Lumped species in Ranzi et al. [21] chemical kinetic model. 

2.1 Numerical simulations and mixing rule 

One-dimensional adiabatic freely propagating laminar flame simulations were carried out using ANSYS 

Chemkin-Pro package [22] for each of the 21 components over a wide range of thermodynamic conditions: 

temperatures ranging from 300 to 600 K with 50 K step size, pressures of 1, 5, 10, 15, 20 and 40 bar, and 

equivalence ratios of 0.6 to 1.7 with 0.1 step size. The combination of these parameters resulted in 504 

unique thermodynamic conditions where flame speeds were calculated. The adaptive grid parameters were 

set to 0.01 GRAD and 0.05 CURV to achieve approximately 1500 grid points while accounting for thermal 

diffusion effect and using mixture-averaged transport properties. 

Ranzi et al. [21] developed a detailed chemical model for hydrocarbon and oxygenated fuels with 

particular emphasis on predicting laminar flame speeds. This model, consisting of 451 species and 17848 

reactions, is adopted in this work due to its wide range of validations against LFS experimental data. It is 
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validated with experimental data for 14 of the selected 21 components, and it is expected to perform well 

for other components. 

It is not feasible to numerically compute laminar flame speeds of thousands of randomly generated 

mixtures at each thermodynamic condition. However, mixing rules can be utilized to estimate the LFS of 

a mixture based on the LFS of each individual component. A number of mixing rules are available in the 

literature, and are listed here:  

𝑆𝑚𝑖𝑥𝑡𝑢𝑟𝑒 = ∑ 𝑥𝑖

𝑛

𝑖=1

𝑆𝑐𝑜𝑚𝑝,𝑖 (5) 

𝑆𝑚𝑖𝑥𝑡𝑢𝑟𝑒 = ∑ 𝜔𝑖

𝑛

𝑖=1

𝑆𝑐𝑜𝑚𝑝,𝑖 (6) 

𝑆𝑚𝑖𝑥𝑡𝑢𝑟𝑒 = ∑ 𝛾𝑖

𝑛

𝑖=1

𝑆𝑐𝑜𝑚𝑝,𝑖 (7) 

𝛾𝑖 =
𝑥𝑖 𝐿𝐻𝑉𝑖 

∑ 𝑥𝑖  𝐿𝐻𝑉𝑖 
𝑛
𝑖=1

(8) 

𝑆𝑚𝑖𝑥𝑡𝑢𝑟𝑒 =
1

∑
𝑥𝑖

𝑆𝑐𝑜𝑚𝑝,𝑖

𝑛
𝑖=1

(9)
 

𝑆𝑚𝑖𝑥𝑡𝑢𝑟𝑒 =
1

∑
𝛾𝑖

𝑆𝑐𝑜𝑚𝑝,𝑖
 𝑛

𝑖=1  
(10)

 

where, 𝑥𝑖 is the mole fraction, 𝜔𝑖 is the mass fraction, 𝛾𝑖 is the energy fraction, and 𝐿𝐻𝑉𝑖 is the lower 

heating value (given in Table 2 for our selected components).  

Sileghem et al. [23] investigated different mixing rules for mixtures of limited number of components and 

found that energy fraction based Le Chatelier's mixing rule, Eq. (10), provided the most accurate results. 
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In this work, we also tested various mixing rules and agreed with Sileghem et al. [23] conclusion. Figure 

2 compares LFS probability density function, for 913 random mixtures of 21 components, computed using 

Eq. (10) and Chemkin-Pro. The difference between the two peaks is negligibly small, 0.04 cm/s, which 

shows that Le Chatelier's mixing rule does a good job of predicting LFS of fuel mixtures. Additional 

comparisons among the mixing rules are shown in the Supplemental Material (Figs. S1 – S2). 

 

Figure 2: PDF comparison of laminar flame speed computed by various mixing rules and Chemkin-Pro 

for 913 random mixtures of 21 selected components at 400 K, 1 bar and 𝜙 = 1.1. 

2.2 Monte-Carlo simulations 

Monte-Carlo simulation is a statistical method used to estimate an outcome probability distribution from 

randomly sampled input variables. In this work, at each thermodynamic condition (𝑇, 𝑃 and 𝜙), the input 

is an 𝑚 × 𝑛 matrix (𝑀𝑖,𝑗) of randomly generated mole fractions for 𝑖 = 1,2,...,𝑚 number of random 

mixtures of  𝑗 = 1,2, . . . , 𝑛  number of components, while the output is the corresponding laminar flame 

speed 𝑆𝑚𝑖𝑥,𝑖 of each mixture calculated using the energy fraction based Le Chatelier’s mixing rule, Eq. 

(10). The number of random mixtures 𝑚 is set to 10,000 to ensure stable results while the number of 

components 𝑛 is limited to 21. 
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Each random mole fraction is physically constrained. It must have real positive values while satisfying 

the conditions 𝑀𝑖,𝑗 ∈ (0,1)  and  ∑ 𝑀𝑖,𝑗 = 1𝑛
𝑗=1 .  The samples need to be uniformly distributed among the 

different components. In other words, each component must experience different mole fractions 

uniformly. Khaled and Farooq [24] suggested that for such an application, uniformly distributed random 

samples, 𝑀𝑖,𝑗, can be generated from a flat Dirichlet distribution, as shown in Eq. (11).  

𝑀𝑖,𝑗 =
Γ(𝛼𝑗)

∑ Γ(𝛼𝑗)𝑛
𝑗=1

(11) 

where the parameters 𝛼1, 𝛼1, . . . , 𝛼𝑛  are set to unity for a uniformly distributed sample. This distribution 

can be visualized in Fig. 3 for an example of 1000 random mixtures comprising of three components. 

Each point in the plot represents a random mixture that lies in a simplex constrained by the sum to unity.    

  

Figure 3: An example of a uniformly distributed 1000 random mixtures of three components, generated 

using Eq. (11). 

2.3 Laminar flame speed correlation 

Numerically computed laminar flame speeds and, therefore, Monte-Carlo simulations are obtained at 

discrete thermodynamic conditions. A correlation is thus needed to interpolate the numerical results, 
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validate against experimental data, and predict laminar flame speeds of gasoline fuels. The simple power-

law Eq. (1) is found to be inaccurate as it does not capture the non-power behavior of LFS dependence on 

temperature and pressure (see Ref. [25] and Figs. S3 in Supplementary Material). It also does not consider 

a coupled temperature-pressure dependence (see Fig. S4 in Supplementary Material). Therefore, a new 

correlation formulation is proposed here, as shown in Eqs. (12 – 14). 

 𝑙𝑜𝑔 (
𝑆(𝑇, 𝜙)

𝑆0
) = 𝛼1 𝑙𝑜𝑔2 (

𝑇

𝑇0
)

 

+ 𝛼2  log (
𝑇

𝑇0
)

 

(12) 

 𝑙𝑜𝑔 (
𝑆(𝑃, 𝜙)

𝑆0
) = 𝛽1 𝑙𝑜𝑔2 (

𝑃

𝑃0
)

 

+ 𝛽2  log (
𝑃

𝑃0
)

 

(13) 

𝑆(𝑇, 𝑃, 𝜙) = 𝑆0 .   (
𝑇

𝑇0
)

𝛼2

.   𝑒
[ 𝛼1 𝑙𝑜𝑔2(

𝑇
𝑇0

)]
 .  (

𝑃

𝑃0
)

𝛽2

. 𝑒
[ 𝛽1 𝑙𝑜𝑔2(

𝑃
𝑃0

)]
(14) 

The coefficients 𝛼1 and 𝛼2 are obtained by fitting second-order polynomials at each 𝜙 from the 

normalized logarithmic dependence of 𝑆 on 𝑇. Likewise, the coefficients 𝛽1 and 𝛽2 are obtained by fitting 

second-order polynomials at each 𝜙 and 𝑇 from the normalized logarithmic dependence of 𝑆 on 𝑃. 

Thereafter, a best-fit is obtained for each of 𝑆0(𝜙),  𝛼1(𝜙), 𝛼2(𝜙), 𝛽1(𝜙, 𝑇), and 𝛽2(𝜙, 𝑇) at reference 

conditions of 𝑇0 = 300 K and 𝑃0 = 1 bar in the form of following Eqs. (15-19). 

𝑆0(𝜙) = 𝑠0 + 𝑠1𝜙 + 𝑠2𝜙2 + 𝑠3𝜙3 + 𝑠4𝜙4 + 𝑠5𝜙5 (15) 

𝛼1(𝜙) = 𝑎10𝑒
−(

𝜙−𝑎11
𝑎12

)
2

+ 𝑎13𝑒
−(

𝜙−𝑎14
𝑎15

)
2

(16) 

𝛼2(𝜙) = 𝑎20𝑒
−(

𝜙−𝑎21
𝑎22

)
2

+ 𝑎23𝑒
−(

𝜙−𝑎24
𝑎25

)
2

(17) 

𝛽1(𝜙, 𝑇) = 𝑏10 + 𝑏11𝜙 + 𝑏12𝑇 + 𝑏13𝜙2 + 𝑏14𝜙𝑇 + 𝑏15𝜙3 +

𝑏16𝜙2𝑇 + 𝑏17𝜙4 + 𝑏18𝜙3𝑇 (18)
 

𝛽2(𝜙, 𝑇) = 𝑏20 + 𝑏21𝜙 + 𝑏22𝑇 + 𝑏23𝜙2 + 𝑏24𝜙𝑇 + 𝑏25𝜙3 +

𝑏26𝜙2𝑇 + 𝑏27𝜙4 + 𝑏28𝜙3𝑇 (19)
 



11 
 

3. Results and Discussion 

Numerically computed laminar flame speeds were obtained for each of the 21 components at 504 

thermodynamic conditions (given in Section 2.1). Figure 4 shows the computed LFS of each component 

at 300 K and 1 bar. It may be noticed that alkenes and oxygenates are the most reactive components, while 

aromatics have relatively small LFS values. Methanol has a distinguishable dependence on the 

equivalence ratio as it is the most reactive component on the fuel-rich side. However, methanol is expected 

to make relatively small effect on the overall LFS of a mixture because of its relatively small LHV.   

 

Figure 4: Computed LFS of gasoline-relevant components at 300 K and 1 bar. 

 

Monte-Carlo simulations were carried out for varying number of components. The probability density 

function (PDF) of 𝑆𝑚𝑖𝑥,𝑖 is estimated using kernel density estimator function in MATLAB. The PDF 

becomes narrower with increasing number of components in the mixture, as shown in Fig. 5(a). The spread 

of 𝑆𝑚𝑖𝑥,𝑖 for varying number of components is shown in Fig. 5(b), where we see that 50% of the results 

are within 3.4 cm/s for 21 components. This analysis is in agreement with Xu and Wang [20] hypothesis 
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that the laminar flame speed converges to a unique value for large number of components, and it is 

equivalent to LFS of an equimolar mixture of the components. For the subsequent results, we fixed the 

number of components at 21.  

 

Figure 5: (a) PDF of LFS with varying number of mixture components; (b) Mode, median, first and 

third quartiles as a function of number of components. Conditions: 400 K, 1 bar and 𝜙 = 1.1. 

Next, we compared our computed flame speed with literature measurements of gasoline LFS. Figure 6(a) 

shows that Monte-Carlo simulations are slightly overestimating experimental gasoline results. This is 

caused by the extreme LFS values of aromatics and alkenes, since Monte-Carlo simulations treat each 

component equally regardless of its LFS value. In order to improve the predictability of the model, 

reasonable constraints may be imposed on Monte-Carlo simulations based on real gasoline composition. 

Commercial gasoline usually contains more than 30% aromatics and less than 5% alkenes [19]. Their 

presence in gasoline influences the overall LFS of the mixture in distinct ways (see Fig. S13 in 

Supplementary Material).  Large portion of aromatics is present in gasoline while they have relatively low 

values of LFS. On the other hand, small percentage of alkenes are present in gasoline and these have high 

values of LFS. Applying these constraints resulted in a much better agreement with the experimental LFS 

measurements, as shown by the dashed lines in Fig. 6(a). The spread of the LFS values also noticeably 

decreased, in terms of Q3-Q1, from 3.4 cm/s (63.8 cm/s ± 2.7 %) to 1.84 cm/s (58.7 cm/s ± 1.5 %). The 
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probability density functions of both constrained and unconstrained Monte-Carlo simulations are shown 

in Fig. 6(b) for 21 components. This example illustrates the flexibility of Monte-Carlo approach as it 

allows us to apply any known compositional constraints to improve the prediction of laminar flame speeds.  

 

Figure 6: (a) LFS of constrained and unconstrained Monte-Carlo simulation against experimental data, 

at 1 bar. (b) PDF of constrained and unconstrained Monte-Carlo simulation at 400 K, 1 bar, and 𝜙 =
1.1. 
 

In order to develop a correlation for LFS by the procedure outlined in Section 2.3, linear and non-linear 

least-square regression is performed to fit the parametric models, Eqs. (15 – 19), to our Monte-Carlo 

simulation results using MATLAB curve fitting toolbox. The fitting exercise is further explained in the 

Supplemental Material (Figs. S5 – S11). The resulted correlation coefficients are listed in Table 3. The 

correlation does a good job of reproducing the Monte-Carlo simulation results. Approximately 99 % of 

the residuals fall within ± 2 cm/s, as shown in Fig. 7(b). 
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Table 3: Correlation coefficients based on constrained Monte-Carlo simulations for use in Eqs. (14 –19). 

𝒊 𝒔𝒊 𝒂𝟏,𝒊 𝒂𝟐,𝒊 𝒃𝟏,𝒊 𝒃𝟐,𝒊 

𝟎 49.57 0.4005 1.763 -0.08916 -2.72 

𝟏 -255.2 1.705 1.744 0.5932 5.118 

𝟐 414.1 0.2217 0.5783 -0.0009096 0.005697 

𝟑 -81.54 5489 4.967 -1.372 -1.29 

𝟒 -152.9 -50.66 -1.159 0.002722 -0.01628 

𝟓 61.52 16.66 1.79 1.148 -2.545 

𝟔    -0.002508 0.01509 

𝟕    -0.3019 1.186 

𝟖    0.0007065 -0.004429 

 

 

Figure 7: (a) Comparison between correlated LFS using Eq. (14) and Monte-Carlo simulated LFS 

values; green lines are ± 2 cm/s. (b) Residual analysis, fitted by a normal distribution.  

The new correlation is compared against literature LFS data of various gasolines (see Table 1). The 

correlation does a good job of capturing the temperature dependence, as shown in Fig. 8(a), at initial 

temperatures ranging from 298 K to 500 K. The pressure dependence is also well captured by the proposed 

correlation, including high-pressure experimental data up to 25 bar, as can be seen in Fig. 8(b). The 

correlation predicts all literature gasoline experimental data with 90% accuracy, as shown in Fig. 9.  The 

correlation overestimates Di Lorenzo et al. [13] experimental results of a European gasoline at 1 bar and 

473 K. Since the correlation is able to predict other data from Di Lorenzo et al. [13] as well as 1 bar data 

from other references, it may be argued that the laminar flame speeds measured by Di Lorenzo et al. [13] 
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at 1 bar and 473 K have high uncertainty (see Fig. S12 in Supplementary Material). It is important to note 

that the extrapolation of the correlation outside of the validated range, e.g., at engine-relevant conditions, 

may lead to higher uncertainty. However, we can not specify this uncertainty in the absence of LFS 

experimental data at those conditions. 

 

 

Figure 8: Comparison between predicted LFS, using Eq. (14), and experimental gasoline LFS data. 

 

Figure 9: Comparison between predicted LFS, using Eq. (14), and experimental gasoline LFS data 

listed in Table 1. The green lines are ± 10 % deviations. 
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The proposed correlation is based on applying a general compositional constraint that covers most of 

conventional gasoline fuels. However, the proposed methodology may be utilized for specific 

unconventional gasoline fuels by either imposing specific compositional constraints on Monte-Carlo 

simulations or by simply providing the laminar flame speed at reference conditions, 𝑆0. To illustrate the 

first scenario, we consider Sileghem et al. [11] measurements of Exxon gasoline, where the authors have 

provided detailed hydrocarbon analysis of the fuel (see Table 1). Constraining Monte-Carlo simulations 

to 40% iso-octane and 30% toluene resulted in improved agreement with the experimental results, as 

shown in Fig. 10.  

 

Figure 10: LFS predictions for Exxon gasoline, obtained by applying specific Exxon Constraint (40% 

iso-octane and 30% toluene) and General Constraint (<5% alkenes and > 30% aromatics) on Monte-

Carlo simulations. Correlation coefficients for general constraint and Exxon constraint are given in 

Table 3 and Table S2 (Supplementary Material), respectively.  

 

Alternately, 𝑆0 can be reformulated for specific gasoline based on its measured LFS at reference 

conditions, and, thereafter, we can predict LFS at other conditions using a universal temperature and 

pressure dependence. Pressure and temperature exponents 𝛼1, 𝛼2, 𝛽1 and 𝛽2 are expected to follow the 

statistical principle of ‘large component number’, i.e., these will become independent of the exact fuel 

composition for large number of components. Figure 11 shows the variance of these exponents in terms 

of interquartile range (IQR) when Monte-Carlo simulations are performed for the 21 components. 
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Applying the compositional constraints on Monte-Carlo simulations does not make a significant 

difference on the exponents as the average absolute difference in the corresponding LFS values is less 

than 1.4% (for all thermodynamic conditions given in section 2.1). 

 

Figure 11: Monte-Carlo simulation results of the temperature exponents 𝛼1 and 𝛼2 at 𝑃=1 bar, and the 

pressure exponents 𝛽1 and 𝛽2 at 𝑇=300 K. Unconstrained simulations refer to randomly generated 

mixtures. Constrained simulations refer to typical gasoline composition constrains (alkenes < 5%, 

aromatics > 30%).   

In order to demonstrate this approach, we take LFS of FACE-C gasoline [14] at reference conditions of 

𝑃0 = 1 bar and 𝑇0 = 358 K to predict LFS at higher pressures. We first obtain 𝑆0 by fitting a fifth order 

polynomial to the measured LFS at reference conditions over the range of equivalence ratios. Thereafter, 

LFS is predicted at 2, 4 and 6 bar by using Eq. (14) with 𝑎1,𝑖, 𝑎2,𝑖, 𝑏1,𝑖 and 𝑏2,𝑖 coefficients from Table 3. 

The correlated LFS, Fig. 12(a), predicts the measurements at higher pressure very well. Likewise, by 
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taking 𝑆0 of Exxon gasoline [11] at reference conditions of 𝑃0 = 1 bar and 𝑇0 = 318 K, we predict LFS 

at a range of temperatures. The predicted values agree very well with the measurements at higher 

temperatures, as shown in Fig. 12(b). 

 

Figure 12: (a) LFS correlation formed by obtaining 𝑆0 for FACE-C gasoline.(b) LFS correlation formed 

by obtaining 𝑆0 for Exxon gasoline. 

 

4. Conclusions 

We have proposed a universal Monte-Carlo based correlation to predict laminar flame speed of gasoline 

fuels. Simulations are performed for uniformly distributed random mixtures of 21 gasoline related 

components. Initial results overestimated gasoline laminar flame speed. However, applying realistic 

composition constraints improved the prediction ability and reduced the variance of the results. The final 

correlation is formulated in a way that it captures the non-power behavior observed in the normalized 

flame speed dependence on pressure and temperature. It also accounts for the coupled temperature-

pressure dependence of flame speed. The proposed correlation formulation reproduces the simulated LFS 

values within ± 2 cm/s. The correlation captured experimental gasoline LFS data with greater than 90% 

accuracy. The proposed methodology is flexible to predict LFS for any conventional or unconventional 
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gasoline by either imposing specific constrains on the Monte-Carlo simulations or using the correlation to 

predict LFS for any fuel by just using its LFS measurements at a reference pressure and temperature. We 

believe that our methodology and proposed correlation will be highly valuable for engine optimization 

studies and hybrid CFD codes that utilize a priori LFS database.  
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