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ARTICLE INFO ABSTRACT
Keywords: Renewable synthetic fuels offer the potential to reduce global carbon dioxide emissions when used in internal
Electrofuels combustion engines of current and future passenger car fleets. To enable the simulation of combustion and

Chemical mechanism reduction
Distillation curve modelling
Methanol to Gasoline
Combustion modelling

evaporation behaviour of renewable gasoline fuels, a surrogate fuel algorithm has been developed. This algo-
rithm embeds a physical model of the fuel distillation process and accounts for key properties such as density,
research and motor octane numbers, carbon-to-hydrogen ratio, and volumetric oxygen content. The surrogate
palette includes isooctane, isopentane, n-heptane, toluene, pseudocumene, and 1-hexene. The fuels studied are
standard RON95E10 and its synthetic counterpart, MtG-E10. A reduced chemical reaction mechanism, consisting
of 548 species and 3350 reactions, is derived from the Lawrence Livermore National Laboratory mechanism
using the Direct Relation Graph with Error Propagation and Sensitivity Analysis reduction method. Laminar
flame speed neural networks are generated from this reduced mechanism to support the calibration of the Eddy
Burn-Up combustion model within a one-dimensional computational fluid dynamics simulation framework
representing a single-cylinder spark-ignited research engine. The model is calibrated and validated for the
standard gasoline fuel, then applied to the synthetic fuel as well. Results show that the model accurately predicts
combustion behaviour for new gasoline-like fuels without requiring recalibration of the combustion model
turbulent flame speed parameters; only the laminar flame speed metamodel needs to be updated when switching
fuels. For MtG-E10, the root mean square error remained below 4 bar for peak in-cylinder pressure and within 1
crank-angle degree for the 50 % mass-fraction-burned angle.

mid-term milestone is represented by the Fit for 55 goal, which aims to
reduce GHG emissions by 55 %, relative to 1990 levels, by 2030 [3].

The global transport sector is responsible for about 20 % of the total
carbon dioxide (CO5) emissions and relied on fossil fuels for 95 % in
2022, with only a 5 % share on biofuels [4]. In the last decade, these
regulations have accelerated the transition towards Electric Vehicles
(EVs), referring to them as zero-emission vehicles. However, the zero
emissions are only from the tailpipe of the vehicle, while if the overall
life cycle is considered, the overall emissions are not null [5]. Moreover,
at the moment, low-carbon electricity generation is not prevailing, since
electricity around the world is mostly produced from fossil fuels (such as
coal, oil, etc.), making the decarbonization of the automotive sector via
EVs not effective in reducing GHG emissions [6].

The use of non-fossil-based fuels represents an alternative solution to
reduce the carbon footprint in the transport sector. Flexible pathways

1. Introduction

Due to increasing global pressure to tackle climate change and
reduce emissions, countries, regions, and cities are continuously
announcing drastic emissions cuts. In September 2019, during the
United Nations Secretary-General’s Climate Action Summit, more than
65 countries and the European Union committed to achieving carbon
neutrality by 2050 [1]. To cope with the rise of Greenhouse Gas (GHG)
emissions, the European Union (EU) has adopted one of the most
ambitious climate policies, synthesised in the legislative package termed
the European Green Deal (EGD). This framework aims to achieve net-
zero emissions by 2050, aligning with the Intergovernmental Panel on
Climate Change (IPCC) scenario that limits global temperature increase
to 1.5 °C with respect to preindustrial levels [2]. From this perspective, a
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Nomenclature

0D/1D/3D CFD Zero-One-Three Dimensional Computational Fluid
Dynamics

AFRgy  Stoichiometric Air-To-Fuel Ratio
CHR Carbon-To-Hydrogen Ratio

CO, Carbon Dioxide

cov Coefficient of Variation

DC Distillation Curve

DRG Direct Relation Graph

DRGEP Direct Relation Graph with Error Propagation

DRGEPSA Direct Relation Graph with Error Propagation and
Sensitivity Analysis

EGD European Green Deal

EGR Exhaust Gas Recirculation

ETRF Ethanol Toluene Reference Fuel

EU European Union

EV, Electric Vehicle

FSN Filter Smoke Number

GDI Gasoline Direct Injection

GHG; Greenhouse Gases

HC Unburnt Hydrocarbons

ICE Internal Combustion Engine

ID Ignition Delay

IMEP Indicated Mean Effective Pressure

IPCC Intergovernmental Panel On Climate Change
IvC Intake Valve Closing
LFS Laminar Flame Speed

LHV Lower Heating Value

MON Motor Octane Number

MtG Methanol To Gasoline

NTC Negative Temperature Coefficient
OP Operating Point

PN Particulate Number

PRF Primary Reference Fuel

PtX Power to X

RMSE Root Mean Square Error

RON Research Octane Number

SA Spark Advance

SCRE Single-Cylinder Research Engine

SRK Soave-Redlich-Kwong

T10/T50/T90 Temperatures at 10 %, 50 %, 90 % evaporated fuel
TDC Top Dead Centre

TKE Turbulent Kinetic Energy

TPA Three Pressure Analysis

TRF Toluene Reference Fuel
VLE Vapor-Liquid Equilibrium
VO Volumetric Oxygen Concentration

VVT Variable Valve Timing

and advancements in production processes have resulted in the exploi-
tation of biomass for the production of biofuels, which represent a viable
substitute for fossil-based fuels [7]. However, sustainable biomass po-
tentials and future costs are subject to fluctuations, and other fuel
pathways could be necessary to get to a fossil fuel-independent transport
sector [8]. Moreover, the future contribution of biofuels seems insuffi-
cient to cope with the expected global transport demand. For instance,
Grahn et al. [9] analysed cost-effective fuel choices in the transportation
sector under different international climate regimes, proving that bio-
fuels, in the regional caps scenario, actually increase the COy concen-
tration target (at least up to 550 ppm) with biofuels never playing a
dominant role in the transportation sector. In this regard, electrofuels (e-
fuels) are an attractive solution to fossil-based fuels and biofuels. They
are carbon-based fuels produced from CO; and water, with electricity as
the primary source of energy. Since CO; is consumed during their pro-
duction, their combustion process can be considered carbon-neutral, as
the overall carbon dioxide balance is zero [10]. Dieterich et al. [11]
proposed a recent literature review about the Power-to-Liquid (PtL)
process for methanol, DME and Fischer-Tropsch fuels. PtL integrates
renewable power, water electrolysis, carbon capture, fuel synthesis, and
product upgrading, closing the carbon cycle and serving as energy
storage and carbon capture and utilisation technology. Moreover, Del-
I’Aversano et al. [12] investigated the production of carbon-neutral
synthetic fuels, focusing on e-hydrogen (e-H;) generated from water
electrolysis using renewable electricity and carbon dioxide (COg)
captured from industrial sites or the air, evaluating these technologies’
technological maturity and sustainability, comparing energy conversion
efficiency and greenhouse gas emissions with their electric counterparts.
As aresult of their review, the potential for e-fuels appears to be greatest
in the maritime and aviation sectors, while battery electric vehicles are
becoming the dominant type in road transport. However, markets for e-
fuels in road transport will persist in the upcoming years, as replacing
ICE vehicles with electric ones is a gradual process.

Furthermore, e-fuels can benefit from an already existing infra-
structure, making transportation and delivery easier and cheaper [13].
Additionally, the drop-in capabilities of e-fuels, namely the fact that they
can be employed in current ICEs without requiring any modification,

make them a complementary solution to EVs, which could enhance a
rapid reduction in GHG emissions [12].

Some studies can be found in the literature addressing the potential
of synthetic fuels. For instance, Wouters et al. [14] experimentally
investigated 5 different synthetic gasoline fuels, which can be syn-
thesised via the Methanol-to-Gasoline (MtG) process [15], and a refer-
ence fossil gasoline. The final MtG gasoline consists of paraffins, olefins,
naphthenes and aromatics, mainly in the gasoline boiling range. Iso-
paraffins are the most abundant component within the synthetic prod-
uct, which can be used as a drop-in fuel when blended with an octane
booster such as ethanol. Kraus et al. [16] investigated several synthetic
fuel blends in a single-cylinder spark ignition engine. Among them,
methylformate, when blended with alkylate gasoline, showed low par-
ticulate number (PN) emissions comparable to pure oxygenated fuels,
due to its low boiling point, which favours mixture homogenization.
Other studies involved the analysis of POSYN [17], whose composition
is nearly free of aromatics, making it an attractive solution to reduce
soot emissions. For instance, Albrecht et al. [18] experimentally inves-
tigated the emissions production of 4 different fuel compositions, among
which the synthetic renewable fuel POSYN showed the lowest particu-
late matter emissions, thanks to the absence of aromatics in its chemical
composition. Rossi et al. [19] also simulated the combustion of such fuel
in a 3D CFD environment, via chemical kinetics simulation employing
an appropriate surrogate fuel formulation. The laminar flame speeds
(LFS) were compared against a premium gasoline fuel, SP98, and POSYN
exhibited a higher flame speed value, enhancing the combustion effi-
ciency and reducing knock occurrence.

In this regard, fuel surrogates are hydrocarbon mixtures designed to
replicate key properties of a target fuel. They play a crucial role in fuel
modelling, as real fuels — such as gasoline and diesel — are complex
blends composed of many hydrocarbons [20]. Consequently, repre-
senting their combustion behaviour in computational environments is
challenging due to both chemical and computational constraints.
Moreover, when the combustion of a fuel containing a large number of
species is to be modelled, issues arise both because (i) well-established
kinetic mechanisms are available only for a restricted number of com-
pounds, and (ii) because accounting for numerous reactions leads to an
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Fig. 1. Overall activity workflow.

impractical computational burden [21]. Thus, reduced mechanisms are
typically generated, in which the number of chemical species and re-
actions is reduced from the original detailed mechanism. Several stra-
tegies, such as principal component analysis [22], sensitivity analysis
[23], Jacobian analysis [24], detailed reduction [25], path flux analysis
[26] and multi-element flux analysis [27] can be employed to perform
the mechanism reduction. The direct relation graph (DRG) method was
extensively used for mechanism reduction, and it was originally pro-
posed by Lu et al. [28]. The same authors applied DRG methods to get to
a skeletal mechanism for n-heptane and isooctane [29]. Moreover, a
reduced mechanism for the high-temperature oxidation of biodiesel
surrogates was developed by Luo et al. [30] employing DRG method-
ology. The DRG reduction method was further improved by Pepiot-
Desjardins et al. [31], who extended the DRG to DRG with error prop-
agation (DRGEP). DRG was coupled with sensitivity analysis by Zheng

et al. [32], ending up with the DRGSA method. In this regard, sensitivity
coefficients are calculated for all the species not removed by DRG for
several temperatures, pressures and equivalence ratios. The sensitivity
coefficient is defined as the worst-case relative error induced, for
instance, in the ignition delay due to the elimination of a certain species.
As a consequence, removing species with a sensitivity coefficient lower
than a user-defined threshold has a limited effect on the ignition delay
accuracy, and the mechanism can be further reduced from the DRG.
Eventually, Niemeyer et al. [33] merged the DRGSA and the DRGEP
methods into the DRGEPSA, a direct relation graph with error propa-
gation and sensitivity analysis. Basically, at first, DRGEP is performed to
efficiently remove unimportant species, and the sensitivity analysis is
then carried out to further reduce the chemical reaction mechanism for a
given error limit.

When it comes to defining proper surrogate fuels, several approaches
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can be found in literature, dealing with Primary Reference Fuels (PRF),
to match fuel Research Octane Number (RON), Toluene Reference Fuels
(TRF), to also account for Motor Octane Number (MON), or more
complex mixtures [34]. However, multi-component mixtures are
required as surrogate fuels if additional properties like the distillation
curve, functional group or hydrocarbon class distribution, average mo-
lecular weight and octane sensitivity have to be reproduced [34]. To
enable chemical kinetic simulations without a heavy computational
burden, a comprehensive chemical reaction mechanism, including all
the chemical species found in the multi-component surrogate, has to be
reduced. For example, Chen et al. [35] developed 2 reduced mechanisms
for a 5-component gasoline surrogate, including toluene, isopentane,
isooctane, n-pentane and n-heptane with 107 and 207 species, respec-
tively, from the extended version of the Lawrence Livermore National
Laboratory (LLNL) mechanism [36]. Andrae et al. [37] and Zhong et al.
[38] conceived reduced mechanisms for gasoline surrogates with 143
and 89 species, respectively, including the oxidation pathways of
isooctane, n-heptane, ethanol, toluene and di-isobutylene. Cycloalkanes
were not included in these mechanisms, even though they can account
for up to 16 % volume concentration in some gasoline fuels [39].

In this work, a reduced mechanism for e-gasoline surrogates is
developed starting from the detailed mechanism of the Lawrence Liv-
ermore National Laboratory [40]. First, the DRGEPSA method is applied
to decrease the complexity of the mechanism, which includes the
chemistry of 7 single-component fuels representing the major species
typically found in gasoline fuels, namely isooctane, n-heptane, toluene,
pseudocumene, isopentane, 1-hexene and ethanol. Moreover, a surro-
gate fuel algorithm is conceived to reproduce multiple fuel properties
like density, RON, MON, Carbon-to-Hydrogen Ratio (CHR), Oxygenate
Volume fraction (VO), and the fuel distillation curve (DC) profile. The
developed algorithm is then applied to standard fossil RON95E10 gas-
oline fuel and to a synthetic gasoline, that is MtG — E10. The Eddy-Burn
Up combustion model, embedded into the GT-Suite one-dimensional
computational fluid dynamics (1D-CFD) simulation environment, is
calibrated against experimental data regarding RON95E10 fuel, and
subsequently applied to MtG — E10 to assess its predictive capability
while switching fuel kinds. This methodology aims to overcome a limit
of the 1D CFD simulation environment (GT-Suite [41]), which is related
to the possibility of simulating the combustion of different gasoline-like
fuel compositions. As a matter of fact, the software allows for the
simulation of just one standard gasoline fuel; thus, the original contri-
bution of this work is addressing and validating a methodology to ach-
ieve fuel flexibility combustion simulations.

The study is organised as follows: Section 2 highlights the overall
methods, which describe the theoretical background of the surrogate
fuel algorithm and the chemical reaction mechanism reduction. In
Section 3, the results are presented and discussed, and in Section 4, the
main conclusions are drawn.

2. Methods

Starting from an existing 1D CFD model, representative of the single-
cylinder research engine employed in this study, the results from the
surrogate fuel algorithm were utilised to model the combustion of the
fuels under analysis. In this study, a physical model regarding the fuel
distillation curve was developed and validated against available exper-
imental distillation curve profiles from the literature. By doing so, the
resulting surrogate fuel is also representative of the real fuel evaporation
behaviour. As the next step, the RON95E10 surrogate fuel formulation
was employed to reduce the comprehensive chemical reaction mecha-
nism [40], in which ignition delay simulations were utilised to eliminate
unnecessary chemical species and reactions by the DRGEPSA algorithm.
Then, the reduced mechanism was used for chemical kinetics LFS sim-
ulations, whose results were subsequently integrated into the Eddy-Burn
Up combustion model [42,43] through a neural network approach.

Once the neural network was defined, the RON95E10 surrogate
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Table 1
HELEN engine hardware specifications.

Engine type Single-cylinder, 4-stroke

Piston Flat
Combustion chamber Hemispherical
Displaced volume 500 cc

Stroke x Bore 113.2 x 75 mm
Stroke/Bore ratio 1.51

Connecting rod length 220 mm
Crank radius 56.6 mm
Compression ratio 10.8
Number of valves 4
Injection type Direct
Valve timing Variable
Max. peak cylinder pressure 180 bar
Max. fuel pressure 200 bar

Fuel injector 6-hole solenoid

formulation was integrated into the GT-Suite simulation environment as
a fluid mixture, and to come up with reference burn rate profiles to
calibrate the combustion model, the Three-Pressure-Analysis (TPA) was
carried out. This kind of simulation takes experimental boundary data
like the in-cylinder pressure, the intake and exhaust port pressures, the
valve lifts/timings, the valve tumble coefficients, the spark timing, the
boundary intake and exhaust temperatures and the intake EGR fraction
to estimate the in-cylinder conditions at intake valve closing (IVC).
Other outputs of the TPA are the fuel burn rate and the simulated in-
cylinder pressure when the estimated burn rate is imposed in the
model. The calibration of the Eddy-Burn Up combustion model was
performed in closed volume conditions, starting from the TPA IVC re-
sults, where the reference burn rate profiles were compared to the
predicted ones by the combustion model. The latter was optimised in its
turbulent flame speed parameters, using 18 of the 23 engine operating
points available for RON95E10 fuel, and validated against the remaining
5.

The calibrated combustion model was, eventually, tested using the
RON95E10 synthetic fuel counterpart, that is MtG — E10, with the same
methodology without recalibrating it. Fig. 1 highlights the workflow
followed to carry out the analysis.

2.1. Experimental setup

The experimental data for this study were provided by FEV Group
GmbH. A single-cylinder research engine (SCRE) was utilised for data
acquisition, and the main engine characteristics are reported in Table 1.
For fuel injection, a centrally mounted six-hole solenoid-actuated series
production injector was employed, together with an intake stroke in-
jection strategy to attain homogeneous operation. Moreover, the cylin-
der was equipped with a centrally mounted spark plug, and two
piezoelectric transducers for the in-cylinder pressure measurement were
oppositely mounted between the intake and exhaust valves. The intake
and exhaust manifolds were fitted with pressure transducers as well. A
hot-film air mass meter was used to measure the intake air mass flow,
while a Coriolis-type mass flow sensor measured the fuel mass flow. To
keep the imposed engine speed and load, the engine was coupled with an
electric dynamometer and an eddy-current brake, respectively. To
maintain the desired delta pressure between intake and exhaust, an
external boosting system and an exhaust gas backpressure control valve
were employed. For the exhaust gas components measurement (HC, CO,
CO4, NOx, O3), a partial exhaust gas mass flow was utilised to sample the
species upstream of the backpressure control valve. Soot emissions were
quantified by the filter smoke number (FSN) and measured downstream
of the backpressure control valve. Eventually, HC emissions were
measured as CgHg. 200 cycles were recorded for each engine operating
point (OP), and the mean quantities were used as input data for the
present analysis. The coefficient of variation (COV) for the indicated
mean effective pressure (IMEP) was calculated, and all the engine
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Table 2

Fuels properties.
Property RON95E10 MtG - E10
Density @ 15 °C [kg/m?] 746.40 744.10
Lower heating value [MJ/kg] 41.59 41.40
Molar mass [g/mol] 87.70 88.20
RON/MON [-] 96.7/85.5 96.6/85.9
T10 [°C] 49.50 47.50
T50 [°C] 86.40 67.80
T90 [°C] 154.30 151.30
Vapor pressure DVPE [kPa] 58.80 71.50
C/H/0 mass share [-] 6.05/11.93/0.19 6.08/11.83/0.2
Air-to-fuel ratio [-] 14.08 14.02
Aromatics [% V/V] 26.30 30.60
Olefines [% V/V] 9.40 4.14
Saturated hydrocarbons [% V/V] 54.70 55.26
Alcohols [% V/V] 9.50 10.00

Table 3

Investigated engine OP for MtG — E10.
Engine speed [1/min] IMEP [bar] EGR [%]
2500 16 0-25
2500 3-21 0

25 o
20— ® Calit?ration
4 [ ) Testing
5 157 e o
v — B 20% EGR testing engine OP
= 107 ®
] e 6 ¢ ¢ o o o P ()
] o ©
0 I I

1000 2000 3000 4000 5000 6000
Engine Speed [1/min]

Fig. 2. RON95E10 fuel engine OP; under analysis.

operating points showed a value lower than the threshold limit of 5 %,
meaning that the mean engine cycle is representative of the specific
engine conditions. Additional details about the specifications of the test
cell measurement instruments can be found in the Appendix.

As mentioned in the Introduction section, 2 fuels were tested, and
their characteristics are reported in Table 2. As can be seen, MtG — E10
can be regarded as the synthetic counterpart of the standard RON95E10
since the properties are similar. Anyway, some differences can be
spotted regarding the T50 temperature, that is, the temperature at which
half of the fuel volume is recovered from the distillation process.

As for the experimental data collection, the tested engine OP for MtG
—E10 are reported in Table 3. Instead, for the RON95E10, a wider range
of the engine map was investigated. 23 engine operating points, ranging
from several engine speeds, loads and EGR%, were considered for the
predictive combustion model calibration and testing. In particular, 18 of
them were used to calibrate the combustion model, while the remaining
5 were employed for model testing (Fig. 2). The experimental data are
coming from a wider investigation carried out by Wouters et al. [14],
where several synthetic fuels were tested, and for confidentiality rea-
sons, the collected data regarding the in-cylinder pressure traces cannot
be shared. The present author decided to focus, in this investigation, on
both standard RON95E10 and its synthetic counterpart, that is, MtG-
E10.
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2.2. Single-cylinder engine model

The simulations were carried out using the commercial 1D simula-
tion tool, GT-POWER version 2023, provided by Gamma Technologies
[41]. The base model setup resembles the Three-Pressure-Analysis one.
Boundary pressure templates are meant to impose the measured intake
and exhaust manifold dynamic pressure, as well as the average intake
and exhaust manifold temperature. Material properties of the runners
were included in the respective templates, and the thermal properties
were populated with the density, specific heat and thermal conductivity
of the wall pipe elements. The convective heat transfer is presumed to be
defined by the Colburn analogy, which takes into account the fluid ve-
locity, the thermo-physical properties and the wall surface roughness.
Intake and exhaust valve discharge coefficients were experimentally
characterised and integrated into the model.

As for the in-cylinder heat transfer model, the Cylinder Wall Tem-
perature Solver (EngCylTWallSoln) and the Finite Element Cylinder
Structure Geometry (FECylinderStructure) were employed to better
predict the heat transfer between the cylinder, the piston, the head and
the walls. Heat transfer coefficients between the in-cylinder elements
were kept to their default value, while the coolant and oil boundary
condition temperatures were taken from the test bench data. Moreover,
owing to the importance of the heat transfer and the turbulent flow
interaction on the combustion prediction, the flow in-cylinder heat
transfer model was chosen instead of the Woschni one. The flow heat
transfer model is based on the effect of swirl, tumble and turbulence on
the heat transfer prediction. The flow details provided by the K-k—¢
turbulent flow model were employed to compute the convective heat
transfer coefficient, h, to the walls by using the Colburn analogy [43].
The 0D turbulence model was already previously calibrated against a
reference 3D CFD cold flow simulation carried out at 2000 1/min and
15 bar of indicated mean effective pressure (IMEP). The results of this
calibration activity are being reported on another work of the present
authors, currently still under review.

2.3. Surrogate fuel algorithm — Fuel properties

An appropriate surrogate fuel mixture is essential to reproduce key
properties of the fuel under investigation. In this context, it is paramount
to represent the fuel characteristics that are most relevant to combustion
using a surrogate blend composed of a limited number of species. These
key attributes, which the surrogate must replicate, are commonly
referred to as target properties.

Target properties are broadly distinguished into chemical and
physical classes. In the context of three-dimensional computational fluid
dynamics (3D CFD) modelling, particularly for Gasoline Direct Injection
(GDI) systems, physical properties such as density, viscosity, and vola-
tility are of primary importance. These attributes critically influence the
modelling of in-cylinder flow dynamics, spray atomization, and fuel-air
mixture formation [44,45].

In contrast, chemical properties retain their significance even in
modelling frameworks where spatial resolution is minimal or absent,
such as in lumped parameter approaches. This is due to the fact that the
oxidation behaviour of the air-fuel mixture is intrinsically governed by
the molecular structure of the fuel [34]. For instance, in zero-
dimensional models that approximate turbulent combustion in spark-
ignition (SI) engines, the laminar flame speed emerges as a pivotal
parameter [46]. This parameter can be rigorously computed via chem-
ical kinetics simulations, which rely on chemical reaction mechanisms
that encompass the formation and consumption of intermediate species,
as well as the associated heat release processes [34].

Among the chemical features commonly employed for fuel charac-
terisation, the RON and MON are typically targeted. Another funda-
mental chemical parameter is the Carbon-to-Hydrogen Ratio (CHR),
which quantifies the relative abundance of carbon and hydrogen atoms
in a given fuel. The CHR is directly indicative of the fuel’s molecular
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Table 4
Target properties and selected chemical species for the surrogate
palette.

Chemical species Target properties

N-heptane Liquid density
Iso-octane CHR

Iso-pentane RON

Toluene MON
Pseudocumene VO

1-hexene Distillation curve
Ethanol

structure and bears a strong correlation with several critical properties,
including density, lower heating value (LHV), and combustion charac-
teristics such as flame propagation speed and adiabatic flame tempera-
ture [21].

In addition, the concentration of oxygenated compounds in a fuel
significantly influences its performance. Ethanol, for example, is
commonly blended with gasoline-like fuels to enhance engine efficiency
and reduce emissions. Moreover, as mentioned in the Introduction sec-
tion, the evaporation behaviour of the target fuel is another key feature
to be reproduced if the goal is to get to a more representative surrogate
fuel formulation. To sum up, the addressed target properties are density,
CHR, RON/MON, VO and the fuel distillation profile (Table 4).

2.4. Surrogate fuel algorithm — Target chemical species

Fuel combustion behaviour is strongly affected by its chemical
composition, which in turn influences key combustion-related parame-
ters such as volatility, ignition delay, vaporisation, and heat release
[44]. The hydrocarbons found in gasoline-like fuels are typically cat-
egorised into five main classes: n-paraffins, iso-paraffins, olefins, naph-
thenes, and aromatics. When a fuel’s composition is described according
to these hydrocarbon classes, it is referred to as its PIONA composition.
Fig. 3 illustrates molecular structures that are representative of each
PIONA category.

To effectively replicate the behaviour of gasoline-like fuels, it is
essential that the selected surrogate components encompass a molecular
size range between C5 and C10, which corresponds to the majority of
constituents typically found in such fuels. This consideration is partic-
ularly critical for accurately reproducing the fuel’s distillation curve
(DQ), as the boiling point of hydrocarbons is closely correlated with
molecular size. Real spark-ignition (SI) engine fuels exhibit a wide
distillation temperature range, generally extending from approximately
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25 °C to 170 °C [45]. By analysing the literature, several studies can be
found related to the formulation of surrogate fuels. In these studies
[21,44,47,48], isooctane, n-heptane, and toluene emerge as reference
chemical species to model the laminar flame speeds and ignition delays
of gasoline fuels by constituting the TRF surrogate fuel. However, when
properties like the fuel distillation curve, the functional group or hy-
drocarbon class distribution, and average molecular weight need to be
reproduced, more chemical species have to be included in the palette. In
this work, the target fuel properties to be replicated by the surrogate
fuel, made up of a proper combination of selected hydrocarbon species,
are reported in Table 4. Among the usual TRF chemical species, the iso-
pentane and pseudocumene are included in the surrogate palette to
reproduce the initial and final distillation curve, as the boiling temper-
atures are respectively 28.1 °C and 168 °C. Moreover, 1-hexene was
selected as the representative chemical species for the olefin hydrocar-
bon class, while ethanol was selected for the oxygenates. Cycloalkanes
were not included in the surrogate palette like in other studies of Andrae
et al. [37], Zhong et al. [38], who developed skeletal mechanism for
gasoline surrogate fuels, in which such hydrocarbon class was not
considered, even though they can account for up to 16 % in real gaso-
lines [34].

2.5. Surrogate fuel algorithm — Target properties modelling

The algorithm implemented to generate the two multi-component
fuel surrogates is based on the minimisation of a cost function, which
accounts for the deviation of the surrogate mixture’s properties from
their real counterparts. To enable cost function formulation, mixture
properties — which need to be compared with real fuel ones — must be
estimated.

Surrogate liquid density at 20 °C, p,, can be modelled as [44]:

N
=Y v M
i=1

pp =1, ...,N are pure components’ liquid densities at 20 °C, N is the
number of species included in the palette and v; is the volume fraction of
the i-th pure component in the surrogate blend.

Analogously, the surrogate CHR, CHR;, can be estimated as the ratio
between the molar-fraction-based average carbon atoms number and the
molar-fraction-based average hydrogen atoms number, namely [44]:

N
CHR, — it ©)
> i Xl

/ Iso-alkanes \ / N-alkanes \ Alkenes
CH
Isopentane | N-butane CH, CH;y I-hexene o~ A
i A A He” Ny
H,C CH,
CHs o NN e
2-methylhexane A [ N-heptane HyC CH,
HaC_ CHs k /
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H.C/{\/kCH. N\ _CH3 CH, \
© CHy ’ H p
-
cH, Cyclopentane

\ Toluene

I,2,4-trimethylbenzene/

Fig. 3. Molecular structures of gasoline components representative of the PIONA classes

(adapted from 47).
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where n¢; and ny; are the number of carbon and hydrogen atoms con-
tained in the molecular structure of the i-th pure component, respec-
tively, while x; is the molar fraction of the i-th species in the mixture.

Conversely, when it comes to modelling the surrogate RON and
MON, a linear mixing rule is likely to produce inaccurate results — as
pointed out in [45,49] - especially if an oxygenated hydrocarbon, such
as ethanol, is included in the hydrocarbon mixture. Consequently, the
following mixing rule, accounting for the non-linearity of RON and MON
w.r.t. alcohol molar fraction, has been adopted to model surrogate oc-
tane ratings [49]:

N N
RON; = x;RON; + krowXa(1 — Xa) (RONa - xiRONi) 3)

o1 i=1,i#a

N N
MON; = x{MON; + knonXa(1 — Xo) (MONu - > xiMONi) (4)

i=1 i=1,ia

Here RON; and MON; are RON and MON estimations for the surrogate,
respectively, while RON; and MON; are RON and MON of the i-th pure
component, respectively. Additionally, in Egs. (3) and (4), a is the index
associated with the oxygenate present within the palette — i.e., i = a
when the i-th pure component considered is ethanol, in this case — while
kron = 0.45 and kyon = 0.94 are two tuning coefficients, whose values
have been defined according to [49,50]. With this blending rule, the
reported deviations claimed by the authors [49] are within 0.8 for RON
and 0.5 for MON when ethanol is used as a gasoline octane booster.

Since the optimisation process depends on volume fraction compo-
sition as the optimisation variable, the calculation of the VO present
within the surrogate can be directly performed by the summation of the
volume fractions associated with oxygenates present within the palette.

Finally, to estimate the distillation profile of the surrogate, a physical
model replicating the experimental procedure detailed in the EN 3405
standard [51] has been implemented. This model, following the
approach proposed in [50], is based on Vapour-Liquid Equilibrium
(VLE) calculations and employs the Soave-Redlich-Kwong (SRK) equa-
tion of state to describe the thermodynamic behaviour of the hydro-
carbon mixture in both liquid and gas phases [52]. Additional details
about the modelling of the physical distillation process are provided in
the Supplementary Material.

2.6. Chemical mechanism reduction

A variety of studies can be found in the literature regarding gasoline
surrogate fuels, as pointed out by Sarathy et al. [34], in which
comprehensive chemical reaction mechanisms for multicomponent
surrogate fuels are reported. Anyway, their usage is impractical from the
CFD engine simulation point of view due to the required huge compu-
tational time [53]. In this study, the DRGEP chemical mechanism
reduction procedure was employed to reduce the comprehensive LLNL
mechanism [40], targeting the 7 chemical species used for the surrogate
fuel definition. Firstly developed by Pepiot-Desjardins et al. [31], this
method considers the path dependence of a target species on others.
Following the first pairwise relation defined by Lu et al. [28], Pepiot-
Desjardins et al. revised the normalisation by addressing the
maximum absolute rate between production and consumption reactions
in case that the rate-controlling reaction is dominated by the rapid
pseudo-equilibrium reaction [54].

In DRGEP, the error propagation is taken into account by a geometric
damping in the selection procedure [31]. When the consumption or
production of species A relies on species B, if some error is introduced in
the prediction of the latter species, the longer the way this error has to
propagate to reach target species A, the lower the effect will be. In this
way, a finer selection of the chemical paths is achieved for the accurate
prediction of the set of target species. Subsequently, sensitivity analysis
was performed to further reduce the mechanism by eliminating the
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Table 5
Thermodynamic conditions for ignition delay simulations.

Pressure [bar] Unburnt mixture temperature [K] Equivalence ratio [-]

5 600 1
5 657 1
5 714 1
5 772 1
60 600 1
60 733 1
60 867 1
60 1000 1
115 678 1
115 785 1
115 893 1
115 1000 1

species according to a user-defined error threshold, set in this study to
20 %.

Table 5 reports the thermodynamic conditions employed to carry out
0D ignition delay simulations for the reduction process. Since all the
engine operating points are investigated at stoichiometric operation, the
equivalence ratio was always kept at 1, making the final reduced
mechanism valid only at stoichiometric conditions, which is the interest
of the present authors. Closed volume adiabatic homogeneous reactor
simulations, employing the Converge chemistry tool [55], were used to
compare the reduced mechanism versus the detailed one. The ignition
delay was defined as the time interval between the start of the simula-
tion and the time instant corresponding to a temperature rise of 400 K.

In the next section, the results related to each of the activity steps will
be introduced and discussed.

3. Results and discussions

The following sections highlight the results of the method, whose
theoretical background is given in Section 2. Specifically, the physical
model of the distillation curve will be validated against available liter-
ature data, whereas the surrogate fuel algorithm performance will be
compared with the real fuel target properties. Moreover, the chemical
mechanism reduction results will be introduced and discussed, and
finally, the combustion model calibration and testing will be outlined.

3.1. Distillation curve physical model validation

The DC physical model was validated by comparing experimental
literature data with the simulation results. The tested fuel compositions
are reported in Table 6. Such compositions are given as input to the DC
model, and only distilled volume fractions between 5 % and 90 % were
considered, as near the initial and final boiling points, experimental
inaccuracies may arise. As Fig. 4 shows, the model can accurately
reproduce the main distillation features regardless of the mixture
complexity. Some deviations could be spotted in the second part of the
distillation process, and this could be due to the inaccurate description
of the heat transfer between the flask walls and the vapours as the
distillation process goes on. Anyway, the 3 key distillation temperatures,
namely the T10, the T50 and the T90, are correctly captured by the
physical model as the maximum relative error is always below 8 % for all
the mixtures considered, with the best performance achieved near the
end of the distillation process.

This is paramount since those temperatures represent the fuel’s
early, mid and late evaporation, the surrogate algorithm should repro-
duce. Mixture 3 shows almost a flat behaviour since the 2 components,
n-decane and pseudocumene (1,2,4-Trimethylbenzene), have similar
boiling temperatures. Instead, mixture 4 includes the n-dodecane, which
has a higher boiling temperature than pseudocumene of around 50 °C,
resulting in a steeper distillation profile. For mixtures 5 and 6, only the
head temperatures are available, while for mixture 7, only the kettle
temperature was correctly reported in the work of Bruno et al. [56].
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Table 6
Fuel compositions used for the distillation physical model validation.
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Chemical species Mix. 1 [56][V/V Mix. 2 [56][V/V Mix. 3 [56][V/V Mix. 4 [56] Mix. 5 [57][V/V %] Mix. 6 [57]1[V/V %] Mix. 7 [56][V/V
%] %] %] [V/V %] %]
Isooctane 0 40 0 0 42 1.1 5
N-heptane 0 0 0 0 12.26 4.16 0
Toluene 20 0 0 0 45.74 40.14 20
Methylcyclohexane 20 0 0 0 0 0 5
N-decane 60 60 80 0 0 0 25
N-dodecane 0 0 0 80 0 0 25
N-tetradecane 0 0 0 0 0 0 20
1,2,4- 0 0 20 20 0 0 0
Trimethylbenzene
Isopentane 0 0 0 0 0 55 0
180 180 180
oT, exp.
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Fig. 4. Distillation model results: (line) physical model, (symbols) experimental values: (a) Mix. 1, (b) Mix. 2, (c) Mix. 3, (d) Mix. 4, (e) Mix. 5, (f) Mix. 6, (g) Mix. 7.

Mixture 6 is affected by a higher error in the T60-T70 range, most likely
due to the abrupt vapour composition change from isopentane to
toluene, which have very different boiling points.

In the next section, the application of the distillation model to the
surrogate generation algorithm will be introduced, together with the
main properties of the 2 surrogate fuels.

3.2. Surrogate fuel compositions

By providing the characteristics of the two multi-component fuels
(RON95E10 and MtG - E10), addressed in this work, as input target
properties to the surrogate generation algorithm, two surrogate fuel
formulations were obtained. Their chemical compositions are reported
in Table 7, while in Table 8, the surrogate fuel properties are compared
to their real counterparts. As for RON95E10 fuel, the initial and mid
distillation phases are well captured by the surrogate fuel. A higher

Table 7
Fuel’s surrogate chemical compositions.

Chemical species RON95E10 [vol. %] MtG - E10 [vol. %]

Iso-octane 7.310 % 1.302 %
Iso-pentane 27.623 % 34.115 %
N-heptane 10.045 % 5.990 %
Toluene 15.123 % 9.115 %
Pseudocumene 19.810 % 21.615 %
1-hexene 10.435 % 17.969 %
Ethanol 9.654 % 9.896 %

deviation can be seen for the T90, which is 11 °C lower than the real fuel.
This might lead to reduced predicted soot emissions and particulate
matter, as the T90 is well correlated to such pollutants [58],[59]. The
octane numbers are affected by a non-negligible deviation, which leads
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Table 8
Surrogate properties absolute error.
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Property RONO95E10 surrogate RON95E10 Absolute delta MtG-E10 surrogate MtG-E10 Absolute delta
Density [kg/m°®] 742.626 741.800 0.826 729.583 739.600 —10.017
CHR [-] 0.536 0.507 0.029 0.523 0.514 0.009
RON [-] 95.011 96.700 —1.689 95.261 96.600 -1.339
MON [-] 86.867 85.500 1.367 86.932 85.900 1.032
VO [-] 0.097 0.095 0.002 0.099 0.100 —0.001
T10 [°C] 50.984 49.500 1.484 45.125 47.500 —2.375
T50 [°C] 81.518 86.400 —4.882 70.294 67.800 2.494
T90 [°C] 143.009 154.300 —-11.291 146.280 151.300 —5.020
AFRg [-] 13.855 14.080 —0.225 13.890 14.020 —0.130
LHV [MJ/kg] 41.396 41.590 —0.194 41.515 41.400 0.115
the properties, even though a deviation in the RON of 1.3 is obtained, for
180 i . Ex the aforementioned reason.
x . . . . . .
150 — e X Moreover, the ethanol volumetric concentration is basically imposed
| Surrogate

120

Temperature [°C]
O
7

Distilled volume [%]

Fig. 5. RON95E10 surrogate fuel distillation curve.
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Fig. 6. MtG-E10 surrogate fuel distillation curve.

to a lower surrogate fuel knock resistance, being the RON lower of 1.7
units than the target one. Nevertheless, being the surrogate fuels
employed for LFS chemical kinetics simulations, it is crucial that the
CHR is well reproduced as highly correlated with the adiabatic flame
temperature and flame propagation speed [21]. The algorithm tries to
find a compromise between the RON95E10 octane sensitivity, namely
the difference between RON and MON, and the tail of the distillation
profile by leveraging the amount of pseudocumene. The latter has, at the
same time, a high boiling point (168 °C) and a low octane sensitivity
(1.5) [60]. Therefore, there must be a trade-off between the octane
numbers and the T90 temperature. On the other hand, being the T50
well reproduced by both surrogate fuels, the real fuel evaporation under
cold start conditions, particularly affected by the T50 [34], is likely to be
properly modelled by such compositions. Figs. 5 and 6 depict the 2
surrogate fuels’ distillation profiles compared to the real ones. The
RMSE of the full distillation profiles of both fuels is around 10 °C, mainly
due to some inaccuracies at the T60-T70, while towards the end of the
distillation profiles, the deltas are improved. As for the other properties
of the MtG-E10 surrogate, the latter can match with better accuracy all

by the optimisation algorithm equal to the real fuel one, being the only
alcohol available in the palette. Isopentane is mainly used by the opti-
miser to match the initial boiling temperature and the octane number.
The aromatic compounds, instead, keep the surrogate fuel density close
to the target one, being the chemical species with the highest density
value. In addition, as a remark, both the AFRy and the LHV are not target
properties to be reproduced, but they are just derived properties from
the resulting surrogate composition.

Once the surrogate fuels were generated, the comprehensive LLNL
chemical reaction mechanism [40] was reduced in order to allow the
possibility of simulating the surrogate fuels’ laminar flame speeds with a
reduced computational burden.

3.3. Mechanism reduction

As mentioned in Section 2.6, the detailed mechanism developed by
the Lawrence Livermore National Laboratory [40] was reduced by
employing the DRGEPSA reduction methodology with the RON95E10
surrogate fuel chemical composition. Prior to the reduction procedure,
the detailed mechanism was incorporated with NOy chemistry from the
San Diego combustion institute [61], resulting in an overall mechanism
consisting of 1965 species and 10,330 reactions. As a first step, via
DRGEP, species and reactions not crucial to describe the oxidation
process of the target chemical species, which are all the ones present in
the surrogate palette of Table 7, plus Ng, O2, OH and all the CO and C1
species, were eliminated. This selection allows targeting the fuel
decomposition, oxidation, and Hy-O reactions in the reduced mecha-
nism [26]. The chosen worst-case error for the DRGEP and the SA was
20 %, which resulted in a reduced mechanism of 548 species and 3350
reactions. The achieved mechanisms dimension allows the possibility of
performing 1D chemical kinetics simulations, especially regarding the
laminar flame speed over a wide range of engine thermodynamic con-
ditions, which would be unbearable from the computational resources
point of view with the comprehensive mechanism. The final size of the
mechanism is far from being a skeletal version, like the one proposed by
Chen et al. [35]. In their work, the resulting mechanism from the DRGEP
has a dimension of 720 species, which was further reduced by employing
the quasi-steady-state assumption to remove intermediate species. This
last reduction procedure was not used by the present authors since the
main simulation environment is a 1D CFD one, and for the paper’s scope
and methods, the final mechanism size was enough to generate a proper
grid of LFS in a reasonable amount of time. Moreover, the target species
in this study include 2 aromatics, toluene and pseudocumene, which in
general have complex oxidation pathways involving many intermediate
species [62,63,64], making it complex for the reduction algorithm to
both keep accuracy and downsize the mechanism. To compare the size
of the present mechanism with others present in literature, Cai et al. [65]
developed a reduced mechanism for gasoline ETRF surrogate composi-
tions, finally consisting of 339 species and 2791 reactions, which can be
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Fig. 8. Chemical reaction mechanism tuning: (a) Isooctane, (b) N-heptane, (c) Pseudocumene.

employed to predict the formation of Polycyclic Aromatic Hydrocarbon
(PAH) formation in gasoline engines. Moreover, another similar mech-
anism size can be found still for ETRF by Mehl et al. [66] featuring 323
species and 2469 reactions, which could be comparable with the one
developed in this work, given the higher number of target chemical
species. Once DRGEPSA was completed, reaction rates were optimised
to reproduce the ignition delay times of the single species found in the
surrogate palette coming from the detailed mechanism. This step was
performed to compensate for the effect of the reduction of the different

10

chemistry pathways, keeping the global oxidation rate of the fuel as
similar as possible to the one predicted by the detailed mechanism. In
this regard, for each of the chemical species involved in the surrogate
palette, the pre-exponential factors of the 10 most important reactions
were optimised to better reproduce the oxidation rate of the single
chemical species itself, similarly to what was done in the work of Cho
etal. [53]. The chemistry tool of Convergent Science [55] was employed
for such kind of activity, where a non-linear optimisation process was
selected to reproduce the ignition delay times of the detailed chemical
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Fig. 9. Pure component and multicomponent mixtures IDs comparison between detailed and reduced mechanisms: (a) Isopentane, (b) Ethanol, (c) PRF92, (d) TRF50,

(e) E10 TRF37, (f) RON95E10 surrogate.

reaction mechanism at a pressure of 60 bar and 10 temperature levels
starting from 600 K to 1000 K at stochiometric conditions. Fig. 7 sums up
the overall adjustment of the pre-exponential factors of the final
mechanism reactions with respect to DRGEPSA output one. It is to be
specified that during the optimisation, the algorithm targeted the 10
reactions, also one at a time; therefore, the final number of optimised
reactions could be lower than the number of surrogate chemical species
multiplied by 10.

As can be seen from Fig. 7, the most important reactions which have
been optimised (39 in total) are related to the initial dehydrogenation
reactions of fuel surrogate species (ICg, CcHsCH3, ICsH12, NC7H16) by
hydroxy (OH) or hydroperoxyl radical (HO2) responsible of the NTC
temperature region [53], as also pointed out by the sensitivity analysis
carried out by Zhang et al. [26]. The major modifications are related to
the aromatic species as well as the alkanes and isoalkanes hydrocarbon
class (isooctane and n-heptane). In Fig. 8a—c, an example of the opti-
mised ignition delay profile for isooctane, n-heptane and pseudocumene
is reported. Particularly, the isooctane was affected by a lower reactivity
with respect to the detailed mechanism, as the ignition delay was
considerably higher than the reference one. This behaviour could be due
to missing intermediate species removed by the DRGEPSA reduction
process, which have altered the overall reactivity of the isooctane. By
tuning the pre-exponential factor, the overall reactivity was corrected.

Fig. 9a and b highlight the performance of the reduced mechanism
with respect to the comprehensive one for the single chemical species.
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Table 9
PRF, TRF and ETRF mixture compositions used for reduced mechanism valida-
tion [53].

Chemical species PRF92 [mol. %] TRF50 [mol. %] E10 TRF37 [mol. %]

Iso-octane 91.1 % 22.3 % 23.9 %
N-heptane 8.9 % 17.4 % 15.1 %
Toluene 0.0 % 60.3 % 41.0 %
Ethanol 0.0 % 0.0 % 20.0 %

Several thermodynamic conditions were tested, ranging from 20 to 100
bar for the pressure, 600 to 1000 K for the temperature, while the
equivalence ratio was varied from 0.8 to 1.2, despite the reduction being
carried out just in stochiometric conditions. As shown, the reduced
mechanism can reproduce ID times of the detailed one with great ac-
curacy at several temperatures, pressures and equivalence ratios. In the
case of isopentane, the NTC ID region, between 700 and 900 K, is
correctly captured by the reduced mechanism, proving that the overall
species oxidation rate is maintained in the reduced mechanism. More-
over, to validate the reduced mechanism for mixtures, multicomponent
fuels were tested, whose compositions are reported in Table 9. In
particular, Primary Reference Fuel (PRF), Toluene Reference Fuel with
and without ethanol (ETRF and TRF) and RON95E10 surrogate fuel
generated in this work, were utilised for constant volume ID simulations
with both the comprehensive and reduced mechanisms.
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Fig. 10. Unburnt mixture temperature and in-cylinder pressure grid points for
LFS simulations.

Table 10
LFS neural network training conditions.
Pressure Unburnt mix. T [K] Equivalence ratio EGR
[bar] [-] [%]
Min 5 328 0.8 0
Max 115 950 1.2 30
Delta 10 6 steps for each pressure 0.2 10
value
Table 11
LFS neural network testing conditions.
Pressure Unburnt mix. T [K] Equivalence ratio EGR
[bar] [-] [%]
Min 10 328 0.9 5
Max 110 950 1.1 25
Delta 20 4 steps for each pressure 0.2 10
value

Fig. 9c—f show some examples of the mixture ID times. For all four
fuels, the high temperature and low temperature chemistry, as well as
the NTC regions, are reproduced by the reduced mechanism, with
slightly higher deviations for the RON95E10 surrogate at high temper-
ature conditions.

3.4. Laminar flame speed chemical kinetics simulations

By following the approach of Del Pecchia et al. [67], the thermo-
dynamic conditions to be used to perform chemical kinetics simulation
for the LFS estimation were defined following a polytropic law, linking
the unburnt mixture temperature, T, to the in-cylinder pressure, p,;. As
shown in Fig. 10, both for RON95E10 and MtG - E10, high-pressure and
low-temperature grid points were not simulated, since it is unlikely that
an engine will operate in such conditions.

The LFS were estimated by employing the surrogate fuel formula-
tions of Table 7 and the reduced chemical reaction mechanism. The
overall thermodynamic conditions employed for LFS simulations are
reported in Tables 10 and 11, both for training and testing the LFS neural
networks for the 2 addressed fuels. For each couple of pressure and
unburnt mixture temperature, a sweep in terms of EGR and equivalence
ratio is performed. Overall, the training dataset consists of 864 points,
whereby the neural networks are trained, while 144 are used for testing
them, to assess their capability of predicting LFS not used for the training
phase. It is worth highlighting the fact that the comprehensive mecha-
nism was reduced for stochiometric conditions only, which can lead to
some inaccuracies, as for laminar flame speed chemical kinetics simu-
lation, for instance, in lean conditions. Lean LFS were nevertheless
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Fig. 11. Surrogate fuels laminar flame speed neural networks: (a) RON95E10,
(b) MtG-E10.

simulated to provide the combustion model with reasonable values of
LFS during simulation runtime, as, before reaching steady-state condi-
tions, non-stoichiometric operation may arise. Training the LFS neural
network just in stoichiometric conditions could lead to totally unphys-
ical LFS predictions outside the training range. The chemistry tool
embedded in the Converge software was used to solve the chemical ki-
netics simulations [55]. The software uses a premixed laminar flame
speed model at constant pressure with a freely propagating flame in a
one-dimensional channel with fixed cross-sectional area. The solver
employed to solve the chemical kinetics simulation is Newton’s solver,
while the transport properties are calculated with a mixture-average
approach from the input transport property file. The domain length
was set to 0.1 m, with grid control parameters to achieve a cell number
of around 260, representing a good compromise between accuracy and
computational effort.

In this study, the LFS dataset was integrated into the predictive Eddy
Burn Up combustion model, defined in the “EngCylCombSITurb” tem-
plate, through the use of neural networks. Once the laminar flame speed
values were simulated through chemical kinetics simulations, the GT-
Post metamodel generator tool was employed and fed with the
computed LFS. The input features to train the network are the same as
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the ones used for the chemical kinetics simulations, and the output
response is the LFS at that particular engine thermodynamic condition.
For each surrogate fuel, a sweep of the most important hyperparameters
was performed, such as the number of hidden layers, the number of
neurons and the kind of hidden layer activation functions, to choose the
best neural network for predicting the testing LFS dataset. For the
training, a cross-validation logic was employed using 20 % of the
training dataset for the network weights optimisation, preventing the
networks from being overfit with such a validation method. The final
RONO95E10 LFS neural network consists of 2 hidden layers with 6 neu-
rons each; the hidden layers’ activation functions are hyperbolic tangent
ones, while the output layer activation function is a linear one. Instead,
for the MtG-E10 surrogate, the LFS neural network comprises only one
hidden layer with 5 neurons, including a sigmoid activation function,
while the output layer activation function is still a linear one. The dif-
ference in the complexity of the neural networks arises from the
different LFS training datasets provided, especially regarding the LFS at
EGR conditions, which led to a different combination of the optimal
network’s hyperparameters.

Fig. 11 depicts the performance of the neural networks featuring the
highest coefficient of determination (R?) and the lowest RMSE con-
cerning the testing dataset. Both neural networks are able to replicate
the testing dataset with good accuracy, as the coefficient of determi-
nation exceeds 0.95, and the RMSE for the testing dataset is really low.
The GT-Post tool allows the user to export the metamodels to be inte-
grated into the “EngCylCombSITurb” template as a custom LFS model.
The next section highlights the results related to the Eddy-Burn Up
combustion model calibration and testing for RON95E10, and its pre-
diction assessment with MtG — E10 surrogate fuel.

3.5. Combustion model calibration and validation

As mentioned in Section 2, 18 engine operating points for standard
RONO95E10 fuel were employed to calibrate the Eddy-Burn Up com-
bustion model (additional details about its mathematical formulation
can be found in the work of Keck et al. [42] and Morel et al. [43]). The
remaining 5 were used to test the model after its calibration, to verify the
prediction behaviour of other engine operating points not used for
calibration purposes. In addition, MtG — E10 combustion was assessed
with the same model, and just the laminar flame speed neural network
was changed according to the tested fuel. The combustion model cali-
bration parameters were not varied while switching fuel kinds.

To calibrate the combustion model, all the experimental data coming
from the engine test bench, both for RON95E10 and MtG - E10 fuels,
were post-processed to come up with the mean engine cycle, in terms of
mean intake/exhaust manifold pressure dynamics as well as the mean
in-cylinder pressure profile. These quantities were fed into the 1D CFD
model as inputs to perform the three-pressure analysis. This kind of
simulation takes boundary data like the in-cylinder pressure, the intake
and exhaust port pressures, the valve lifts/timings, the valve tumble
coefficients, the spark timing, the boundary intake and exhaust tem-
peratures and the intake EGR fraction, to estimate the in-cylinder con-
ditions at intake valve closing (IVC). Other outputs of the TPA are the
fuel burn rate and the simulated in-cylinder pressure when the estimated
burn rate is imposed in the model. The estimated burn rates will serve as
the reference for calibrating and testing the combustion model.

Once the reference burn rate profiles were obtained by three pressure
analysis, the Eddy-Burn Up combustion model could be eventually
calibrated. The latter takes as input two other key features, namely the
turbulent kinetic energy (TKE) and integral length scale (L;) profiles.
These quantities describe the evolution of the turbulence level inside the
cylinder, which is a crucial feature to be reproduced if a predictive
combustion model is put into place. This flow model was previously
calibrated by taking as reference TKE and L; profiles, the ones resulting
from a 3D CFD cold flow simulation at 2000 1/min and 15 bar IMEP. For
the sake of brevity and since it is not the main topic of this work, the
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Fig. 12. Turbulent flame speed parameter maps: (a) turbulent flame speed
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30

calibration procedure is omitted.

The combustion model parameters were calibrated through a closed
volume analysis, that is, the TPA model was simplified as just the cyl-
inder, the injector and the engine templates were kept in the model. The
IVC initial conditions were estimated by the three-pressure analysis and
loaded into the simplified model. The GT-Suite Integrated Design
Optimiser was employed to estimate the parameters that minimised the
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“Improved Burn Rate RMS Error (Meas vs Pred)” among the 18 cases for
RONO95E10 gasoline fuel. The resulting tuned parameters were further
manually adjusted, since a single constant set was not enough to
reproduce properly all the engine operating points. Specifically, by

following the work of Guarnieri [68], the turbulent flame speed multi-
plier was adjusted according to the engine speed (Fig. 12a). This tuning
could be related to the level of turbulence inside the cylinder, which is
not properly captured by the 0D turbulence model, as its calibration was
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Fig. 14. RMSE of key combustion metrics for the RON95E10 predictive combustion model compared to the TPA reference values.
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Fig. 15. Combustion model testing for MtG-E10 at 2500 RPM, 16 bar IMEP, 10 % EGR: (a) in-cylinder pressure, (b) burned fuel fraction.

performed on only one available engine operating point (2000 1/min
and 15 bar IMEP), for which reference 3D CFD turbulent kinetic energy
and integral length scale profiles were available. Moreover, as pointed
out also by Sok et al. [69], the turbulence intensity, v, is also influenced
by the prediction of the in-cylinder mass and, in their work, the Tur-
bulent Flame Speed Multiplier (TFSM) was adjusted as well. The Flame
Kernel Growth Multiplier (FKGM) was reduced to improve the pre-
dictions at low load conditions (Fig. 12b). This was needed to better
predict the maximum pressure and the crank angle at the maximum
pressure, as the parameter from the output of the optimisation was
leading to an overprediction of the in-cylinder pressure. The reason for
such deviation is possibly related to the prediction of the right turbu-
lence level at low load conditions, in which the role of the injection
phase has a higher impact on the overall turbulence level [70,71]. Above
5 bar IMEP, this parameter is constant and equal to the output of the
optimisation procedure. As for the Taylor Length Scale Multiplier, it was
kept fixed at 2.989. Moreover, the spark size was adjusted according to
the EGR concentration (Fig. 12c¢), since, as pointed out by Zhen et al.
[72], the ignition delay time increases with the EGR% most likely due to
the smaller initial flame kernel radius. A linear correlation was
employed in this study to deal with this kind of effect, since the com-
bustion model does not include a phenomenological representation of
the formation of the initial kernel size. The spark size at 0 % of EGR was

coming out of the optimisation process of the combustion parameters,
while the one at 30 % was manually adjusted to reproduce the heat
release at the maximum EGR rate. The linear correlation was then uti-
lised to deal with intermediate EGR rate percentages.

Fig. 13 shows some examples of the performance of the combustion
model with respect to the experimental counterpart, both for the cali-
bration and testing engine OPs. Additional ones are provided in the
Supplementary Material. As can be seen, the combustion model, once
calibrated, is able to replicate the reference burn fuel fraction profiles
and the in-cylinder pressure at several engine speeds and loads. More-
over, the most crucial combustion metrics quantities were evaluated in
terms of RMSE against the reference counterpart, as shown in Fig. 14.
The overall combustion phasing is well reproduced, as the MFB50 and
MFB1090 RMSEs are below 1° and 2°, respectively. A slightly higher
error can be seen for the maximum pressure, even if below 3 bars.

Eventually, to verify the ability of the model to keep its predictive
capability while switching fuel kinds, MtG — E10 fuel was addressed. The
RON95E10 LFS metamodel was replaced with the MtG — E10 one, and
the turbulent flame speed parameters were not recalibrated in this re-
gard. It is widely acknowledged that the combustion in an ICE occurs in
the so-called “wrinkled or corrugated flamelet” regimes [73], in which
the flame front thickness is smaller than the lowest turbulent length
scale (Kolmogorov scale). This implies that the turbulence does not
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Fig. 16. RMSE of key combustion metrics for the MtG-E10 predictive combustion model compared to the TPA reference values.



L. Ferrari et al.

change the inner flame structure, and the laminar flame speed synthe-
sises the chemical kinetics occurring within the flame front. Again, a
closed volume analysis was performed by starting the simulations with
the TPA IVC in-cylinder initial conditions. As depicted in Fig. 15, the
combustion model is able to predict the burned fuel fraction profiles
with great accuracy, as also shown by the additional plots reported in
the Supplementary Material. Fig. 16 summarises the overall prediction
performance. As reported in the bar plot, the combustion phasing is well
reproduced, as well as the maximum pressure, which is affected by a
slight overestimation. These findings align with a recent similar study by
Esposito et al. [74], even if not entirely focused on gasoline-like fuels, in
which the OD combustion model was calibrated for neat methanol fuel
and then tested for three gasoline engine operating points at the same
speed but different loads. There, the MFB50 was imposed as the com-
bustion anchoring angle, while the SA was adjusted by the solver. This
study, instead, set the same test bench SA and the MFB50 is a conse-
quence of the combustion model, enabling the possibility of building
control strategies based on the SA angle rather than the MFB50. The
main limitation of the model testing is that the experimental engine OPg
for MtG-E10 fuel were only available at a single engine speed, 2500 1/
min. Nevertheless, this synthetic fuel is meant to mimic the overall
characteristics of the fossil fuel counterpart, RON95E10. Therefore, the
combustion behaviour for the MtG-E10 fuel is expected to be quite
similar to the fossil one.

4. Conclusions

This study provides a methodology for combustion simulation of
RON95E10 and MtG-E10 fuels. They were tested in a single-cylinder
spark-ignited research engine, and a surrogate fuel algorithm was
developed to determine equivalent fuel composition replicating target
characteristics like density, RON/MON, CHR, VO%, and evaporation
properties. A physical model for the distillation process was developed
and validated against literature data. The surrogate species palette
included hydrocarbons from C5 to C9 to cover the gasoline distillation
spectrum, and an optimisation algorithm determined the best surrogate
fuel composition. For LFS chemical kinetics simulations, the LLNL
mechanism [40] with NOy chemistry [61] was reduced via DRGEPSA.
The reduced mechanism, featuring 548 species and 3350 reactions, was
validated for ID times with mixtures from PRF to RON95E10 surrogate
composition. LFS neural networks were built using simulated data at
representative engine conditions. The Eddy-Burn Up model was cali-
brated with 18 RON95E10 engine operating points and tested with 5,
showing good accuracy. The MFB50 and MFB1090 RMSEs are below 1°
and 2°, respectively, while the one for the maximum pressure is below 3
bars. The model’s predictive capability was tested with MtG-E10 by just
replacing the LFS neural network in the combustion model. Results
showed in-cylinder pressure RMSE below 4 bars and MFB50 error less
than 1°. The methodology paves the way for defining surrogate mixtures
of synthetic gasoline fuels for combustion simulation and evaporation
analysis. Future work could investigate some limitations of the present
one, such as including cycloalkanes in the surrogate palette to come up
with a complete surrogate composition representative of all the hydro-
carbon classes. In addition, the analysis could be extended to predict the
main engine out emissions, such as NOx, HC and CO, coupled with the
predictions of the calibrated combustion model.
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