
Well-to-Wheel Design of Renewable Fuels for Future Spark-Ignition
Engines
Published as part of Energy & Fuels special issue “Celebrating Authors of Energy and Fuels Most-impactful
Articles (2023)”.

Philipp Ackermann, Marian Panofen, Patrick Burkardt, Bastian Lehrheuer, Jörn Viell, Stefan Pischinger,
Alexander Mitsos, and Manuel Dahmen*

Cite This: Energy Fuels 2026, 40, 4207−4215 Read Online

ACCESS Metrics & More Article Recommendations *sı Supporting Information

ABSTRACT: Well-to-wheel (WTW) performance is an important metric for
alternative fuels. Current methods for model-based fuel design optimize either the
well-to-tank (WTT) or the tank-to-wheel (TTW) performance, and address the
respectively other aspect only indirectly, e.g., via simple approximations, if at all.
To enable WTW fuel design, we combine a superstructure-based WTT fuel design
method with a TTW model that estimates achievable engine efficiencies with a
dynamic, zero-dimensional engine model. For computational tractability, we
approximate the engine model with an artificial neural network as surrogate model.
We then design alternative fuels with optimal WTW performance. We find that
aiming at very strong TTW performance by means of an aggressive constraint on
the research octane number can impair the WTW performance. Alternative fuels for tailored engines offer significantly more
flexibility in terms of fuel components and production processes and thus potential for cost and global warming impact reductions
than drop-in fuels designed with the same superstructure. The findings emphasize the importance of addressing the entire life cycle
of a fuel at early stage design.

■ INTRODUCTION
The usage of fuels produced from renewable resources in
internal combustion engines can contribute to the mitigation
of climate change. Prominent renewable fuels include
methanol1−4 and ethanol.1,5 These light alcohols exhibit a
low autoignition propensity and hence a high knock resistance.
They can therefore be used in spark-ignition (SI) engines that
use higher boost pressures and compression ratios than the
gasoline-fueled engines currently in the market.3,5 Such
advanced SI engines achieve higher thermodynamic efficien-
cies, providing a lever to reduce the overall cost and
environmental impact of a fuel.6,7 The promise of engine
efficiency improvements has prompted the development of fuel
design methods that aim at co-optimizing renewable fuels and
engines.8,9

Model-based fuel design identifies potential fuel molecules,
see, e.g.,10 optimal mixture compositions, see, e.g.,11 or both,
see, e.g.,12 Since advanced SI engines require fuels with high
knock resistance,13 fuel design typically targets autoignition
indicators like the research octane number (RON). Knock-
resistant fuels can be either designed by defining restrictive
constraints on autoignition indicators8,9 or by optimizing the
autoignition indicator value of the fuel.10,14 While autoignition
indicators and achievable engine efficiency are correlated,15

more targeted approaches optimize the tank-to-wheel (TTW)

performance using an engine model to predict fuel-dependent
engine efficiency performance.16,17 While the TTW perform-
ance influences the WTW performance, the well-to-tank
(WTT) performance must also be considered to optimize
the WTW performance.

To address the WTT performance, model-based fuel design
has been combined with production pathway optimization
using the notion of superstructures. Early approaches use mass
balances of reaction networks,18−20 which allow optimization
of simple production metrics such as resource efficiency. More
detailed WTT fuel design approaches utilize superstructures
that contain more detailed process information from
thermodynamically sound shortcut methods21 or even rigorous
process simulations22 and thus enable the optimization of
large-scale production cost and global warming impact (GWI)
of a fuel.

To indirectly address TTW performance, WTT design of SI
engine fuels includes constraints on the RON.20,23 However,
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minimum RON requirements may reduce the design space,
potentially excluding WTW-optimal fuels that have rather low
RON but excellent production performance. To find WTW-
optimal fuels, a holistic approach considering production and
combustion simultaneously is required. A first step toward
WTW optimization has been taken by Zhang and Sarathy,24

who optimized the carbon footprint of blends of fossil gasoline
with biobased ethanol, considering the design of the
production facilities as well as the TTW emissions. In
particular, the TTW emissions account for a possible engine
efficiency increase enabled by higher ethanol contents, utilizing
a polynomial correlation fitted to experimental engine data.25

Due to its reliance on experimental engine data, the approach
by Zhang and Sarathy24 is, however, not applicable to a
broader range of alternative fuel constituents.

To overcome the limitations of existing fuel design methods,
we propose a WTW fuel design method combining our WTT
fuel design21 and a TTW model that is based on a dynamic,
zero-dimensional engine model17 that was validated for
different alternative fuels and engine configurations. To
incorporate the engine efficiency calculated with the engine
model into the nonlinear optimization problem, we derive an
artificial neural network (ANN) surrogate model for the engine
model. We apply our new method to a process superstructure
containing mainly selective conversion routes to oxygenated
and nonoxygenated hydrocarbons.

The remainder of the article is structured as follows. The
following section describes the overall WTW optimization
formulation, and the newly derived WTT model, including the
development of the engine surrogate model and the correlation
of engine efficiency with fuel consumption. We introduce a
case study based on possible fuel constituents, a process
superstructure, and fuel specifications. We then design WTW-
optimal fuels with different RON requirements and evaluate
their performance. Subsequently, we benchmark the results
against drop-in fuels designed with the same process
superstructure.

■ WELL-TO-WHEEL FUEL DESIGN
Figure 1 shows an overview of the proposed WTW fuel design
method. We extend our previously published method for WTT
design21,23 with the TTW model described in this section. In

these references, the WTT model calculates the specific cost of
the fuel Cspec and the specific GWI of the fuel GWIspec in
relation to the lower heating value of the fuel. In order to
quantify the impact of engine efficiency improvements enabled
by alternative fuels, we herein calculate both the WTW cost of
the fuel CWTW and the WTW GWI of the fuel GWIWTW in
relation to the distance driven. For this purpose, we consider
the energy consumption EC, which gives the energy required
per kilometer driven.26 EC relates the WTW performance
metrics to the WTT performance metrics in the following
manner

C C ECWTW spec= · (1)

GWI GWI ECWTW spec= · (2)

We correlate EC to the thermodynamic engine efficiency,
which in turn is a function of the fuel composition and the
engine design and operation. To estimate the achievable
engine efficiency η, we use our recently developed 0D
thermodynamic engine model17 of a single-cylinder research
engine. While 0D engine models are usually derived for a fixed
fuel and engine design, our model was derived for the purpose
of fuel design and therefore captures the influence of the fuel
on engine performance.

The extension to WTT optimization is challenging in terms
of mathematical problem formulation and choice of
optimization solver. On its own, the WTT optimization
constitutes a NLP and is solved with the deterministic global
solver BARON.27 The engine model contains ordinary
differential equations and integrals. Thus, the direct integration
of the engine model into the WTW optimization would either
require fully discretizing the engine model or using a dynamic
optimization solver, in contrast to the NLP solver for the
WTT. However, the WTW fuel design does not require
explicit information about the time-dependent thermodynamic
states, but only about the overall engine performance. This
motivates the use of a surrogate model based on ANN that
predicts the required engine performance as a function of fuel
composition and engine configuration. In contrast to the
dynamic engine model, the ANN can be integrated efficiently
into the algebraic WTT model, obtaining a hybrid mecha-
nistic/data-driven WTW model.28

Figure 1. Well-to-wheel (WTW) optimization approach: We take the well-to-tank (WTT) model from König et al.21,23 and extend it by the tank-
to-wheel (TTW) model described in this section.
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Tank-to-Wheel Model
The engine model17 predicts the net indicated efficiency η as a
function of molar fuel composition z, the compression ratio
εCR, and the intake pressure pin. When including the engine
model in a mathematical optimization, both the knock
occurrence kI

29 and the peak pressure ppeak need to be
constrained to ensure safe engine operation, i.e., to avoid the
occurrence of knock and to avoid exceeding the peak pressure
limit

k

p

0.99

200 bar
I

peak (3)

Hence, the engine model can be replaced with an ANN
surrogate model f that gives the input-output relationship

zk
p

f plog ( , , )I

peak

CR in=
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where the inputs constitute the vector containing the mole
fractions of the fuel constituents in the fuel z, the compression
ratio εCR, and the intake pressure pin; the outputs constitute the
engine efficiency η, the logarithm of kI,

29 and ppeak. Note that
the surrogate model does not require fuel properties as an
explicit input. In the engine model, the fuel properties are
calculated as a function of the fuel composition.

To calculate the fuel consumption in a driving situation, a
vehicle model that determines the required engine loads and
simulates the different loads for each fuel and engine
configuration would be needed. Lacking such a model, we
pragmatically assume an inversely proportional correlation
between the energy consumption EC and the peak engine
efficiency η, using a reference energy consumption ECref and a
reference peak efficiency ηref:

EC
ECref ref=

(5)

As reference we consider conventional gasoline, using an
energy consumption from a real driving scenario26 ECref = 2.3
MJ km−1 and a peak efficiency of 38.9%, which is the maximum
achievable engine efficiency for gasoline in our engine model.
Obviously, this correlation is a gross simplification of the actual
relation between peak efficiency and fuel consumption.
Overall Optimization Problem
We solve the following optimization problem:

C

Well to tank model 21, 23, 30

Tank to wheel model

min
GWI

s.t.

Process superstructure,

Fuel property model

ANN surrogate for the engine model (4),

Engine safety constraints (3),

Correlation of engine efficiency to energy consumption (5)

WTW

WTW

[ ]
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Ç

ÅÅÅÅÅÅÅÅÅÅÅ

É

Ö

ÑÑÑÑÑÑÑÑÑÑÑ

The biobjective optimization problem is implemented in
GAMS31 by including the equations of the TTW model in our

previous WTT implementation.23,30 The ANN surrogate is
written in full-space formulation, i.e., the optimizer sees
variables and equations corresponding to the neurons.28 We
solve the optimization problem using the ε-constraint
method32 and the deterministic global solver BARON version
22.2.327 with the local NLP solver CONOPT 4.1.33 The
relative optimality tolerance is set to 0.01, the maximum CPU
time is set to 600 s for each Pareto point. Like König et al.23

and Panofen et al.,30 we observe that the value of the upper
bound does not decrease after preprocessing, and the value of
the lower bound increases only within the first few iterations.

While BARON cannot prove convergence to optimality
within the desired tolerance, we refrain from increasing the
maximum CPU time in order to not increase computational
effort. Convergence in the desired time could potentially be
achieved by changing the formulation of the optimization
problem and/or employing a different solver. In particular, our
global deterministic MINLP solver MAiNGO34 has out-
performed BARON in process design problems using reduced
space formulations35 and performs especially well in solving
problems with ANN-based surrogate models.36 However,
applying MAiNGO efficiently for the WTW optimization
would require deriving a reduced-space formulation for the
WTT model which would require a disproportionate manual
effort and likely not lead to significant improvements−if any−
in the solution.

■ RENEWABLE FUELS FOR ADVANCED
SPARK-IGNITION ENGINES

Fuel Constituents, Process Superstructure, and Fuel
Specifications

We build on our previous study on WTT design of SI engine
fuels,23 in which we optimized Cspec and GWIspec of fuels for
three different fuel specifications derived from the European
E10 gasoline standard,37 the European E85 gasoline standard38

(for flex fuel vehicle engines (FFVEs)), and requirements of
advanced ultrahigh efficiency SI engines (UHEE).23 Contrary
to the previous study, we now consider a fully renewable utility
system, following.30 Furthermore, we exclude fossil gasoline as
a blending option to design fully renewable fuels.

In our previous study,23 optimal fuels with an oxygen
content limitation as in the European E10 gasoline standard
performed badly in terms of cost and GWI. A possible
explanation for these results is the exclusive focus of the
employed process superstructure on synthesis routes that
produce single-species products with rather high selectivity.23

It could be more promising to produce renewable drop-in fuels
via synthesis routes to hydrocarbon mixtures, most notably, the
Methanol-to-Gasoline (MtG)39 and the Fischer−Tropsch
(FT)40 process. The inclusion of these routes into our
superstructure, however, is not straightforward. Our super-
structure was developed for the early stage evaluation of rather
selective reaction pathways.41

In the current study, we include MtG in the process
superstructure as a benchmark for synthetic drop-in fuels, using
energy demands from conceptual process design studies42,43

and a gasoline surrogate for the product mixture.44 Details on
the modeling of the MtG process are given in the Supporting
Information. We refrain from including FT, since FT generally
yields a broader product spectrum that includes fractions more
suited to jet and diesel fuel applications. However, the
coproduction of fuels for different applications is outside of
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the scope of this study. Furthermore, the gasoline fraction in
FT requires extensive refining to increase its octane number.45

We reduce the number of possible fuel constituents and
production processes compared to König et al.23 since in a
previous study that quantified the effects of model and data
uncertainty many fuel constituents were unlikely to appear in
quantities greater than 1 wt % in the Pareto-optimal
solutions.30 Specifically, we apply the Monte Carlo sampling
approach described in30 to the process superstructure and all
three fuel specifications to identify species and processes for
reducing the size of the superstructure. Given the computa-
tional effort, we compute 5 Pareto points per scenario with the
ε-constraint method32 as in,30 changing the constraint in 25%
increments between minimum and maximum GWI. We retain
all fuel constituents that have an average mass fraction of ≥5
wt % in at least one Pareto-optimal blend (see Table 1) as well

as all the processes that can possibly produce these fuel
constituents. The other fuel constituents are discarded, along
with the intermediates and production processes only needed
to produce the discarded fuel constituents. The resulting
reduced superstructure is shown in Figure S1 in the Supporting
Information.

We use the UHEE fuel specifications from our previous
study23 (see Table 2). The UHEE fuel specifications adopt a
bubble point pressure constraint from the Reid vapor pressure
requirement found in the European E85 standard.38 The
requirements on the distillation curve are derived from a
typical E85 fuel.46 The olefin and aromatic contents are taken
from the European E10 standard.37 The UHEE fuel
specifications furthermore contain limits on enthalpy of
vaporization, viscosity, surface tension, and oxygen content,
aiming at facilitating in-cylinder mixture formation and thus
reducing the formation of pollutants.20 The high RON
requirement (RON ≥ 110) aims at low autoignition propensity
and thus highly efficient combustion. We furthermore design
drop-in fuels, using the fuel specifications from König et al.23

that were derived from the European E10 standard.37 We
furthermore add restrictions on the content of methanol,
ethanol, and ethers containing 5 or more carbon atoms based
on the E10 standard. We omit specific restrictions with respect
to other alcohols and ethers as such components are not
present in our case study.
Engine Surrogate Model
To train the engine surrogate model, we sample the input
space uniformly during training data generation via an
equidistant grid. For the fuel composition, we consider every
possible ternary blend and discretize the mole fractions from 0
to 1 with increments of 0.2. For the engine parameters, we

consider compression ratios between 8 and 20 with increments
of 1.5 and intake pressures between 1 and 2 bar with
increments of 0.125 bar. We simulate the engine for every
possible input combination to generate the training data.
Blends including four constituents or more are not considered
to limit the computational effort. All input and output variables
are normalized to an interval between −1 and 1 before ANN
training.

The obtained simulation data is split into training,
validation, and test data with a ratio of 0.7:0.15:0.15. The
case study described below contains 13 fuel constituents,
resulting in 15 input neurons for the ANN. We choose an
ANN architecture with one hidden layer containing 24 fully
connected neurons and the hyperbolic tangent function as
activation function. The ANN is trained in Matlab47 using the
Levenberg−Marquardt algorithm. The resulting errors of the
test set lie within the orders of magnitude of 1 × 10−10 for η, 1
× 10−4 for kI, and 1 × 10−3 bar for ppeak. Because the training
data contains blends with up to 3 fuel constituents only, we
create a second test set where up to 13 different species can
appear in a blend. The errors on this multicomponent test set
are comparable to those on the test set with up to 3 fuel
constituents, i.e., the ANN can extrapolate successfully to
multicomponent blends. Further details are given in the
Supporting Information. Since the errors are smaller than the
presumed uncertainty of the engine model,17 we refrain from a
systematic hyperparameter optimization.
Results: Influence of RON Restriction on Well-to-Wheel
Performance
In previous WTT design studies,20,23 the TTW performance
was only indirectly considered by placing a lower limit on the
RON. However, enforcing a RON ≥ 110 might impact WTT

Table 1. Possible Fuel Constituents Selected for the Case
Study Ordered by Molecule Classa

molecule class fuel constituents

hydrocarbon cyclopentane, gasoline (MtG), n-hexane,
1-hexene, n-pentane, toluene

alcohol ethanol, methanol
ester ethyl acetate, methyl acetate
ether 2-methyltetrahydrofuran
ketone 2-butanone, 3-pentanone

a“Gasoline (MtG)” refers to a synthetic hydrocarbon mixture
obtained from the methanol-to-gasoline (MtG) process.

Table 2. Fuel Specifications for Ultra-High Efficiency
Engines (UHEEs) and Drop-In Fuels (Reproduced From,23

Except for the Ethanol, Methanol, and Ether Content)a

UHEE drop-in (E10)

property min max min max

research octane number, RON 110 (150) 95 (150)
motor octane number, MON (50) (150) 85 (150)
liquid density at 15 °C (kg m−3) (600) (2000) 720 775
olefin content (vol %) (0) 18 (0) 18
aromatic content (vol %) (0) 35 (0) 35
ethanol content (vol %) (0) (100) (0) 10
methanol content (vol %) (0) (100) (0) 3
ether (5 or more carbon atoms)
content (vol %)

(0) (100) (0) 22

oxygen content (wt %) 10 (100) 0 3.7
bubble point pressure at 37.8 bar
(kPa)

35 100 45 100

mole fraction evaporated at 70 °C
(mol %)

3 52 22 52

mole fraction evaporated at 100 °C
(mol %)

46 (100) 46 72

mole fraction evaporated at 150 °C
(mol %)

75 (100) 75 (100)

surface tension at 25 °C (mN m−1) (0) 30 (0) (60)
kinematic viscosity at 25 °C
(mm2 s−1)

0.5 2 (0) (100)

enthalpy of vaporization at 25 °C
(kJ kgair−1)

(0) 60 (0) (200)

aThe values in parentheses represent generic constraints introduced
for numerical reasons.
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performance to an extent that cannot be compensated by
superior TTW performance, thus leading to a suboptimal
WTW performance. To elucidate whether the RON require-
ment indeed affects the WTW performance, we perform the
WTW optimization twice: once with a RON requirement of
110, and once with a RON requirement of only 90. We refer to
these as RON 110+ and RON 90+ blends in the following.
Figure 2 shows the WTW performance of both fuel types.
Comparing the cost-optimal designs, the RON 90+ fuels
exhibit both lower cost and GWI than the RON 110+ fuels, as
along the whole Pareto front the trade-off between cost and
GWI is favorable for the RON 90+ fuels. Comparing the GWI-
optimal designs, the RON 90+ fuels exhibit a similar GWI but
lower cost than the RON 110+ fuel.

The RON 110+ fuels contain ethanol, ethyl acetate, methyl
acetate, and 2-MTHF, and a small fraction of n-pentane.
Notably, the ethyl acetate content is highest at the cost-optimal
design and decreases along the Pareto front toward the lowest
GWI design. In contrast, the methyl acetate content is highest
in the GWI-optimal design and decreases toward the cost-
optimal design. Compared to the RON 110+ fuels, the RON
90+ fuels omit ethyl acetate and contain methanol, n-hexane,
and n-pentane as additional fuel constituents. Furthermore, the
methyl acetate content is reduced, whereas the alcohol, 2-
MTHF, and hydrocarbon contents are increased. At lower
cost, the ethanol content is very high; at lower GWI, the
methyl acetate content is very high.

The changes in fuel composition with regard to the RON
requirement can be explained as follows: Methyl and ethyl
acetate enable meeting the RON requirement of the RON
110+ fuels, with RON values of 120 and 118, respectively.
However, methyl acetate is synthesized from methanol (RON
108), and ethyl acetate is synthesized from ethanol (RON
109). Using the esters thus introduces further production costs
and emissions compared to using the respective alcohols. The
upgrading leads to an increase in engine efficiency, which,
however does not always offset the additional cost and
emissions of the production. Notably, at the GWI-optimal
point, the RON 90+ fuel composition resembles the RON
110+ fuel composition, only the ethyl acetate fraction is
replaced by higher shares of ethanol, 2-MTHF, and 1-hexene.
Since the cost is not optimized here, the higher engine
efficiency enabled by methyl acetate contributes to the better
WTW performance. With decreasing cost, the RON 90+ fuels

achieve a lower engine efficiency and compensate for the esters
with higher concentrations in alcohols, 2-MTHF, and
hydrocarbons compared to the RON 110+ fuels.

Overall, the results show that a very high RON requirement
can impair the WTW performance. While the RON 110+ fuels
achieve higher engine efficiencies, the superior TTW perform-
ance does not compensate the worse WTT performance.
However, the TTW performance of our WTW-optimal fuels is
superior to the TTW performance of RON 95 gasoline, as the
RON 90+ fuels exhibit RON values ranging from 97 to 108
and allow for compression ratios from 12.3 to 15 and boost
pressures up to 1.7 bar, resulting in relative engine efficiency
increases of 4 to 11% compared to RON 95 gasoline. Hence,
advanced SI engines still contribute to the WTW performance
of the WTW-optimal alternative fuels by improving the TTW
performance.

We note that instead of the simultaneous WTW design, the
WTW performance could be optimized in a sequential fashion,
i.e., by applying the WTT method23 and subsequently
optimizing the engine for the obtained fuel composition. In
the Supporting Information, we show that the sequential
optimization leads to fuels that are similar with respect to
WTW performance and composition.
Results: Comparison to Drop-In Fuels

Neither the RON 90+ nor the RON 110+ fuels constitute
drop-in fuels, i.e., they cannot be used to defossilize the
operation of the current vehicle fleet. Apart from requiring new
vehicles, these fuels would require establishing new fuel
standards and modifications to the fuel distribution infra-
structure. Obviously, such changes require a compelling
argument, such as a significant improvement in cost and/or
GWI.

We compare the RON 90+ and RON 110+ fuels to drop-in
fuels based on the same process superstructure. To design
these drop-in fuel candidates, we limit the allowable fuel
constituents to the those specified in the European E10
standard,37 i.e., hydrocarbons (synthetic gasoline from the
MtG process, toluene, cyclopentane, n-pentane, n-hexane, 1-
hexene), alcohols (methanol, ethanol), and ethers (2-MTHF).
Further oxygenates such as ketones and esters are not allowed
and are thus excluded. We furthermore fix the engine
configuration to εCR = 10.4 and pin = 1 bar, which is the
optimal engine configuration for gasoline in the engine model.

Figure 2. Comparison of well-to-wheel optimized UHEE fuels with different minimum RON requirements. The predicted RON and efficiency η
are stated on the right.
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The Pareto front for the drop-in fuels is shown in Figure 3,
along with the Pareto fronts of the RON90+ and RON 110+
fuels. The drop-in fuels yield costs of 16 to 22 $/100km and
GWIs of 1.1 to 1.7 kgCOd2

/100km. When comparing the cost-
optimal fuels, the RON 110+ fuel would achieve a cost
reduction of 43% compared to the drop-in fuel. The RON 90+
fuel would achieve a cost reduction of 50%. When comparing
the GWI-optimal fuels, the RON110+ fuel would achieve a
GWI reduction of 27%, the RON 90+ fuel a GWI reduction of
28% compared to the drop-in fuel. We furthermore compare
the results against the cost of fossil gasoline (5.6 $/100km48).
While the drop-in fuels exhibit costs that are 200 to 300%
higher than that of fossil gasoline, the RON 110+ fuels exhibit
costs that are 60 to 130% higher, and the RON 90+ fuels
exhibit cost that are only 40 to 100% higher. All renewable
fuels exhibit significantly lower GWIs than fossil gasoline, as
they are produced from renewable resources using a fully
renewable energy system: the drop-in fuels would enable GWI
reductions of 92 to 95%, where as the RON 90+ and RON
110+ fuels would enable GWI reductions of up to 96%.

Instead of designing a fuel complying with the current fuel
standard, the fuel standard might be modified to enable the use
of a more efficient renewable fuel. To evaluate such a scenario,
we compare the properties of two RON 90+ blends with the
ranges allowed in the European E10 standard (cf. Figure 4).
The two fuels selected for the comparison are the cost and the
GWI-optimal RON 90+ blend. Both fuels violate the
specifications on liquid density, bubble point pressure, the
distillation curve, the oxygen content, ethanol and ether

contents. Furthermore, the cost-optimal fuel violates the MON
specification, whereas the GWI-optimal fuel contains methyl
acetate, an oxygenated species not allowed according to the
fuel standard.

The most notable difference between both fuels is, however,
the magnitude in which they deviate from the E10
specification. Most properties of the cost-optimal fuel only
deviate slightly from the specifications. However, the fuel does
not contain a component with a boiling point greater than or
equal to 100 °C, whereas the standard specifies a maximum
fuel fraction of 72 vol % to be evaporated at 100 °C. Moreover,
with an ethanol content of 40 vol % and an ether content of 36
vol %, the blend exceeds the allowed oxygen content by a large
margin. The high oxygen content can be expected to be
incompatible with the current fleet, however, retrofitting
vehicles might be a viable option and has been demonstrated
for the use of liquefied petroleum gas49 or ethanol-gasoline
blends.50 The GWI-optimal blend deviates more strongly in
terms of liquid density and oxygen content, and furthermore
exhibits a high fraction of methyl acetate, a component that is
not allowed at all in the E10 standard.

Overall, the results implicate that drop-in fuels would exhibit
both higher costs and higher GWIs than fuels that are not
designed to be compatible with the current fleet and fuel
standards. Retrofitting vehicles for these fuels, if possible,
might be a more economically viable option. However, the
comparison is limited to the possible fuel constituents and
production processes included in the superstructure, which was
developed for the early stage evaluation of highly selective
processes. In the case of MtG, energy demands from a

Figure 3. Comparison of well-to-wheel optimized fuels for ultrahigh efficiency engines with well-to-wheel optimized drop-in fuels. The black dotted
line indicates the well-to-wheel cost of fossil gasoline. The black bars in the center plot represent a synthetic gasoline mixture obtained from the
methanol-to-gasoline (MtG) process. The predicted RON and engine efficiency η are stated on the right. Note that the engine efficiency was
evaluated using an engine configuration optimized for gasoline to emulate a currently used vehicle.

Figure 4. Comparison of the properties of the GWI and cost-optimal RON 90+ blends with respect to the specifications in the European E10
standard (gray areas). The numbers on the top and bottom of each bar denote the values used for normalization.
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conceptual process design study were readily available, and the
product mixture is assumed to resemble gasoline.

■ CONCLUSIONS
This article presents a first approach for model-based design of
WTW optimal renewable fuels. Specifically, we optimize the
WTW performance, i.e., the cost and GWI per distance driven,
by considering a well-to-tank superstructure model and a tank-
to-wheel model relying on a surrogate model of an advanced SI
engine. In contrast to WTT fuel design approaches, our
approach allows to consider the influence of the engine
efficiency and thus forgoes the need to set a RON requirement.

We use the WTW design to examine the influence of
different RON requirements on the WTW performance. The
comparison of RON 90+ and RON 110+ fuels shows that
permitting RON values lower than 110 leads to a superior well-
to-wheel performance in our study. Still, the WTW-optimal
fuels would require advanced SI engines to take advantage of
engine efficiency increases enabled by their high knock
resistance (RON ≥ 97). These fuels do not constitute drop-
in fuels, i.e., they require changes in fuel infrastructure and
vehicle fleet, as they do not meet fuel specifications derived
from the E10 standard and contain esters and high
concentrations of alcohols which may not be compatible
with all materials used in the current infrastructure for fuel
handling and the current cars. Drop-in fuels designed with the
same process superstructure perform significantly worse than
the RON 90+ and RON 110+ fuels. However, given the focus
of the process superstructure on selective processes for
oxygenated fuel constituents, these findings should not be
generalized.

While the WTW optimization substantially improves upon
previous integrated fuel and process design approaches, it also
bears limitations. As in previous fuel design studies using the
same WTT model, convergence to the global optimum could
not be proven. To solve this issue, the optimization problem
should be tested with different formulations and solvers, e.g.,
by deriving a reduced space formulation and solving the
optimization problem with MAiNGO.34 Although the engine
model is validated against experiments covering multiple fuels
and engine configurations, it is subject to considerable model
uncertainties.17 Moreover, the extrapolation from peak
efficiency in a single-cylinder research engine to energy
consumption of a vehicle is simplistic and might overestimate
the potential of efficiency improvements. These two limitations
could be overcome by using more accurate engine models to
train the surrogate ANN; likely a larger ANN would be needed
but the overall methodology may still be tractable. Given these
uncertainties in the TTW performance, the uncertainties of the
mixture properties caused by the use of mixing rules,23 and the
uncertainties of the WTT performance,30 the designed blends
should be refined in further stages of fuel development, by
repeating the well-to-wheel optimization with more detailed
models of production processes, fuel properties, engines, and
vehicles. Furthermore, future work should include a broader
range of unselective processes such as Fischer−Tropsch and
hydrothermal liquefaction to elucidate whether alternative fuels
generally exhibit a superior WTW performance compared to
drop-in fuels.
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