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Abstract

Road transportation needs to abandon fossil fuels. One promising alternative are
renewable fuels for internal combustion engines. We consider three competing
types of spark-ignition engines, i.e., conventional spark-ignition engines (CSIEs),
flexible fuel vehicle engines (FFVEs), and ultra-high efficiency engines (UHEEs),
which all have different fuel requirements. To determine which engine-fuel
combination is optimal regarding fuel production cost and global warming
impact (GWI), we apply our integrated fuel and process design method [Konig,
et al. 2020. Comput. Chem. Eng.|. Specifically, we consider 47 pre-screened
fuel species, their selective production routes from renewable resources, and a
surrogate for optional blending of fossil gasoline. The designed FFVE (UHEE)
fuels reduce GWI by up to 87% (84%) compared to fossil gasoline. In contrast,
optimal CSIE fuels only achieve up to 60% GWI reduction and only at higher
cost. The superior production performance of selectively-produced UHEE and
FFVE fuels motivates replacement of today’s CSIE technology.
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1. Introduction

Road transportation accounts for almost 75% of COs emissions of the global
transport sector (Teter et al., 2019). These emissions are largely caused by
combusting fossil fuels in internal combustion engines (ICEs). To mitigate the
associated adverse climate effects, alternative fuel and engine concepts are being
developed (Boot, 2016; Dahmen & Marquardt, 2016; Hoppe et al., 2015; Leitner
et al., 2017; Marquardt et al., 2010; Johnson & Joshi, 2018; Sjoberg, 2017). In this
context, a large variety of renewable fuel components and associated production
pathways have been proposed, which consider feedstocks like lignocellulosic
biomass, Hy from renewable electricity, and/or COs from carbon capture (Huber
et al., 2006; Kohli et al., 2019; Konig et al., 2019; Leitner et al., 2017; Straathof,
2014; Tremel et al., 2015; Ulonska et al., 2016b). Due to the relatively high
oxygen content of lignocellulosic biomass, many selective bio-based production
pathways lead to oxygenated species (Huber et al., 2006; Marquardt et al.,
2010). These oxygenates significantly differ from fossil gasoline regarding their
physico-chemical properties. The feasibility of blending such oxygenates in fuels
depends on the engine type and corresponding fuel requirements: Conventional
spark-ignition engines (CSIEs) can operate on fuels with low oxygen content
only. This results, for instance, in a maximum ethanol limit of 10 vol-% (Energy
Information Administration, 2020; DIN Deutsches Institut fuer Normung e.V.,
2017), whereas flexible fuel vehicle engines (FFVEs) allow for fuels with up
to 85 vol-% ethanol (Ford Motor Company, 2020; DIN Deutsches Institut fuer
Normung e.V., 2018). While both CSIEs and FFVEs are already commercially
available, ultra-high efficiency engines (UHEES) and corresponding fuels are still
in the research phase (Hoppe et al., 2015; Johnson & Joshi, 2018) and would
therefore require substantial investments in technology development before being
brought to market. However, fuel production benefits might arise since UHEEs

can be tailored to the properties of renewable fuels (Dahmen & Marquardt, 2016;
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Hoppe et al., 2015; Larsen et al., 2009; Sjoberg, 2017). Aiming at a cleaner
and more efficient combustion, UHEEs demand for extremely knock-resistant
fuels (Dahmen & Marquardt, 2017; Hoppe et al., 2015; Konig et al., 2020b;
Prakash et al., 2018; Remmert et al., 2014), which can be achieved with certain
renewable fuel components (Boot et al., 2017; McCormick et al., 2017).

Given the three engine concepts, their fuel requirements, and various proposed
renewable fuel components and associated production pathways, the question
arises which fuel-engine combination exhibits the highest potential with regard to
fuel production cost and global warming impact (GWT). To answer this question,
we utilize model-based fuel design (Ko6nig et al., 2020b) to optimize fuels and
their production pathways for the three engine types and compare the results to
each other.

Model-based fuel design can refer to the computer-aided generation of single
fuel molecules (Hada et al., 2014; Dahmen & Marquardt, 2016), the formulation
of fuel blends (Hashim et al., 2017; Dahmen & Marquardt, 2017) or a combination
of the two, i.e., generation of fuel molecules for optimal blends (Yunus et al., 2014;
Zhang et al., 2018). Regarding the formulation of blends, the fuel composition
is typically optimized for one or multiple objectives subject to a set of possible
pre-defined fuel components, mixing rules for physico-chemical properties, and
a set of fuel property requirements that is derived from the technical engine
needs (Conte et al., 2011; Yunus et al., 2014). While some studies focus solely
on the fuel composition as the degree of freedom (Ariffin Kashinath et al., 2012;
Hashim et al., 2017; Kalakul et al., 2018; Yunus et al., 2014), others additionally
co-optimize a set of possible fuel production pathways, thus accounting for
possible (co-)production benefits of different fuel components (Marvin et al.,
2013; Dahmen & Marquardt, 2017; Konig et al., 2020b). In particular, our
recently published integrated design method is capable of co-optimizing fuels
and their production processes based on the process emissions, i.e., GWI, and
fuel production cost (Konig et al., 2020b). However, neither Konig et al. (2020b)
nor any other model-based fuel design study has considered more than one set

of fuel requirements, i.e., one engine type, and hence a comparison of optimal
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fuel-engine combinations on the basis of a single method has not been achieved so
far. In the present study, we utilize our integrated design method (Konig et al.,
2020b) to analyze and compare the production cost and GWTI of optimized fuels
for CSIEs, FFVEs, or UHEEs as shown in Figure 1. To this end, we consider a
broad range of selectively-produced renewable oxygenated and non-oxygenated
hydrocarbons with experimentally-proven reaction yields and fossil gasoline as
an inexpensive but emission-intensive blending option. We further derive fuel

requirements for all three ICE types.

Different production Different engines Model-based fuel Optimal fuels & their
pathways & fuel species & fuel requirements & process design production processes
Comparison of the production
* min Cost performance of fuels for different
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Konig, Neidhardt, Viell, Dahmen, Mitsos.
pathways Comp. Chem. Eng. 2020:106712.

Figure 1: Scope of this study: The variety of production pathways and fuel species are inputted
to an optimization problem, which considers one set of fuel requirements at a time. The
optimization problem is run three times, one time for each engine type. The resulting optimal

fuels for each engine type allow for a process performance comparison.

The article is structured as follows: First, we briefly review the two key parts
of our optimization-based integrated design method, i.e., the pathway model
and the fuel property model. Then, we give an overview of the considered fuel
species and production pathways, fuel requirements, property parameters, and
the structure of the optimization problem followed by the analysis of the results

and a discussion section. The article ends with a conclusion.

2. Method: Integrated fuel and process design

Integrating product design with process design is a goal pursued in many
domains, most prominently solvent design (Kim & Diwekar, 2002; Papadopoulos

& Linke, 2006; Scheffczyk et al., 2018; Zhou et al., 2017). While integrated
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solvent design generally considers the product use process, in integrated fuel
design, we rather consider the product manufacturing process (Villeda et al.,
2012; Konig et al., 2020a,b).

In the present work, we use our method for integrated fuel and process
design (Konig et al., 2020b) to optimize multi-component fuels and associated
production processes for cost and GWI taking into account the fuel require-
ments of different ICE types. Our design method (Konig et al., 2020b) adapts
an early-stage process screening method, i.e., Process Network Flux Analysis
(PNFA) (Ulonska et al., 2016a; Konig et al., 2019), to evaluate not only reaction
pathways but also associated downstream processing options and their energy
demands, thus enabling integrated process evaluation by means of production

cost and GWI estimation.

2.1. Pathway model

The pathway model adapts PNFA, a state-of-the-art process synthesis ap-
proach for early-stage process design (Ulonska et al., 2016a; Konig et al., 2019).
In contrast to other existing process synthesis methods, which typically either
conduct only mass-based analysis (Voll & Marquardt, 2012; Bao et al., 2011)
or require an extensive superstructure for a more detailed process optimization
(Bertran et al., 2017; Garcia & You, 2015; Kelloway & Daoutidis, 2014; Schack
et al., 2020; Steimel et al., 2014) that often result in complex mixed-integer
optimization problems (Friedler et al., 1998; Biegler et al., 1997), PNFA performs
process design at an intermediate-fidelity level. Instead of detailed equipment
sizing or optimization of the operating conditions, PNFA utilizes mole balances
and energy demands to provide first estimates of cost and GWI. While PNFA
has been originally developed as a simplified superstructure-based process syn-
thesis method for lignocellulosic bio-based products (Ulonska et al., 2016a), we
have recently expanded it for use in broader areas of application, i.e., bio- and
electricity-based renewable fuel production (Koénig et al., 2019). Thus, PNFA is
well-suited to reliably evaluate relevant objectives for a broad range of renewable

fuel production pathways, while still maintaining a screening character that
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allows for large-scale evaluation and optimization of these routes (Ulonska et al.,
2016a; Konig et al., 2019).

For its process evaluation, the PNFA-based pathway model requires price
and emission data, reaction pathway alternatives, stoichiometries, yields and
reaction energy demands as well as the associated downstream options and
their respective energy demands as input. Price and emission data as well as
reaction information are taken from literature. Prior to optimization, energy
requirements of reaction steps are derived based on the heat of reaction, possible
latent heat changes, and the duties needed to compress gases to reaction pressure,
whereas pressure changes of liquids are neglected (Ulonska et al., 2016a; Konig
et al., 2019, 2020b). Feasible separation methods are identified using the method
of Jaksland et al. (1995). The energy demands for separation of solvents and
(by-)products are then determined by reduced-order separation models, most
prominently Rectification Body Method (RBM) (Bausa et al., 1998; Kraemer
et al., 2011), a reduced-order distillation model that determines the minimal
energy demand for separation considering non-ideal thermodynamics (Ulonska
et al., 2016a; Konig et al., 2019, 2020b). A description of all used separation
models is provided in Section 4.2 of the Supplementary Material. Following our
previous studies (Konig et al., 2019, 2020b), heat integration is considered by
means of vapor recompressed distillation columns but is otherwise disregarded
as it represents the last hierarchical step in process design (Douglas, 1985) and
is thus considered out of scope in this early-stage process evaluation.

The pathway model includes several sets of equations, i.e., mole balances,
utility demand calculations, and cost and GWI estimations. The mole balances
determine the molar flow rates of all processing pathways based on the stoi-
chiometry and yield parameters. Thus, they link product flow rates to raw
material requirements. Based on the molar flow rates as well as the a priori
calculated energy demands of each pathway, utility demands for steam, cool-
ing water, refrigeration, and electricity are determined. The molar flow rates
and the utility demands are used to calculate raw material cost, auxiliary cost,

waste disposal cost, and utility cost using the price parameters of each cost
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type. Investment costs are estimated based on the total energy demands of the
process using an empirical correlation by Lange (2001) that has been found to
yield good predictions of biorefinery investment cost at an early process design
stage (Tsagkari et al., 2016). By summing all cost types and normalizing them
by a fixed fuel energy output «, the first objective function, i.e., the production
cost Cgpec, is defined. The second objective, GWIgpec, is calculated based on the
emissions of utility and main feedstock requirements and is also normalized based
on the fuel energy output o with no credit given for non-fuel by-products. The
emissions of the utility (or feedstock) requirements are estimated by weighting
the utility (or feedstock) requirement with the respective utility (or feedstock)
emission factor. Note that we give no carbon credit to the feedstock as we as-
sume that all products are combusted in the use/end-of-life phase, thus releasing
renewable carbon back into the atmosphere. This GWI calculation corresponds
to a well-to-wheel system boundary that disregards harvesting, transport, or
engine efficiencies but rather focuses on emissions related to chemical processing
steps (Konig et al., 2020b). For further descriptions of the reaction pathway
modeling and economic/emission parameters the reader is referred to Section 4.1
and 4.3 of the Supplementary Material, respectively, as well as to our previous
publications (Kénig et al., 2019, 2020b).

In contrast to Konig et al. (2020b), we add constraints to the pathway model
to allow for flexible blending ratios of fuel components even for pathways that
produce multiple fuel components at a fixed ratio as, e.g., in acetone-butanol-
ethanol fermentation, by considering the remaining pathway product as unused
co-product. This minor modification to the pathway model is described in

Section 1 of the Supplementary Material.

2.2. Fuel property model

The fuel property model is based on our previous integrated design meth-
ods (Dahmen & Marquardt, 2017; Konig et al., 2020b) and estimates the proper-
ties of a multi-component fuel based on pure-component fuel properties (param-

eters), bounds for fuel requirements (parameters), fuel composition (variables),
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and mixing rules (equations). Pure-component properties of each species are
retrieved a priori from databases, literature, or property prediction models.
The fuel requirements are derived from fuel standards in case of CSIEs and
FFVEs (DIN Deutsches Institut fuer Normung e.V., 2017, 2018) and previous
studies (Dahmen & Marquardt, 2017; Konig et al., 2020b) in case of UHEESs,
which have no standardized fuel requirements, yet. The fuel composition is
calculated based on the molar flow rates of the produced fuel components and
thus constitutes the linking piece between the pathway model and the fuel
property model. The mixing rules determine the fuel blend properties based on
the fuel composition and the pure-component properties. Table 1 presents the

fuel properties and the mixing rules considered in this study.



Table 1: Fuel properties and corresponding mixing rules considered in this study; NRTL:

non-random two liquid.

fuel property

mixing rule

research octane number, RON |[-]

linear-by-mole mixing rule (Knop et al.

(2014), see Eq. S3-S4)

motor octane number, MON [-]

linear-by-mole mixing rule (Knop et al.

(2014), see Eq. S3-S4)

liquid density at 15 °C, p [2%]

linear-by-weight mixing rule of specific vol-
ume (Dahmen & Marquardt, 2017; Gmehling
et al., 2012; Konig et al., 2020b)

olefin content, olefin [vol-%)]

linear-by-volume mixing rule based on liquid

densities at 15 °C (see Eq. S6)

aromatic content, aromatic [vol-%)]

linear-by-volume mixing rule based on liquid

densities at 15 °C (see Eq. S5)

oxygen content, Oz [wt-%)]

linear-by-weight mixing rule

vapor pressure at 37.8 °C, p, [kPa]

approximated by bubble point pressure with
activity coefficients determined by NRTL
model (Dahmen & Marquardt, 2017; Konig
et al., 2020b; Yunus et al., 2014)

distillation curve: fuel fraction evapo-
rated at 70 °C, 100 °C, and 150 °C,

ZE70m, ZE100m; ZE150m [MOl-%0]

true boiling point curve (Eckert & Vanék
(2003); Konig et al. (2020b); Reiter et al.
(2015), see Eq. S7)

surface tension at 25 °C, o [m—N]

m

Parachor-based mixing rule (Dahmen & Mar-
quardt, 2017; Gmehling et al., 2012; Konig
et al., 2020b)

kinematic viscosity at 25 °C, v [m’snz }

linear-by-mole mixing rule for dynamic
viscosity (Dahmen & Marquardt, 2017;
Gmehling et al., 2012; Konig et al., 2020b)

enthalpy  of
25 °C, Hyap [L]

Kgair,&=1

vaporization at

linear-by-weight mixing rule (Chupka et al.,
2015; Dahmen & Marquardt, 2017; Konig
et al., 2020b)
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Compared to Konig et al. (2020b), we amend the list of considered fuel
properties such that they account for key aspects of the current European E10
and E85 gasoline standards, i.e., EN228 and EN15293 (DIN Deutsches Institut
fuer Normung e.V., 2017, 2018), for CSIEs and FFVEs, respectively. Instead
of the previously used derived cetane number (DCN), we use research octane
number (RON) (International Organization for Standardization, 2014b) and
motor octane number (MON) (International Organization for Standardization,
2014a) as indicators for knock resistance. Furthermore, we consider density and
oxygen content as fuel properties that, in combination, ensure a sufficiently high
calorific heating value. We further use olefin and aromatic content as standardized
fuel properties. Similar to our previous studies (Dahmen & Marquardt, 2017;
Konig et al., 2020b), we describe the volatility of the fuel by means of the
vapor pressure and the distillation curve with the latter being modeled by the
true boiling point (TBP) concept (Eckert & Vanégk, 2003; Reiter et al., 2015).
In addition to these standardized fuel properties, we adopt surface tension,
kinematic viscosity, and enthalpy of vaporization as relevant fuel properties for
UHEEs (Dahmen & Marquardt, 2017; Hoppe et al., 2015; Konig et al., 2020b).
With regard to the fuel distillation curve, the EN228 standard (DIN Deutsches
Institut fuer Normung e.V., 2017) restricts the evaporated fuel fractions at
certain temperatures whereas the ASTM standard (ASTM D4814, 2020) limits
the temperature range at a certain evaporated fuel fraction. The advantage of
considering the former instead of the latter standard is that our TBP model
does not need binary variables. Compared to our previous study, where we used
the ASTM fuel standard, consideration of the EN228 standard simplifies the
optimization problem to a continuous nonlinear program (NLP), which is easier
to solve than the previous mixed-integer nonlinear program. The details of the
TBP model formulation and a description of the new mixing rules for RON,
MON, olefin and aromatic content are given in Section 2 of the Supplementary

Material. All other mixing rules are directly taken from Konig et al. (2020b).

10
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3. Optimizing fuels and associated production routes for

UHEEs, FFVEs, and CSIEs

Prior to pathway and fuel optimization, we pre-screen 71 renewable fuel
candidates based on their pure-component properties and current purchase cost.
The renewable fuel species that pass pre-screening are forwarded to integrated fuel
and process design along with their production routes and a gasoline surrogate.
In the following, the pre-screening, the pathway model parameters, the fuel

property model parameters, and the optimization problem are described.

8.1. Pre-screening of fuel candidates

In contrast to previous fuel design studies, which have mostly focused on
a relatively small number of renewable fuel species (Ariffin Kashinath et al.,
2012; Yunus et al., 2014; Hashim et al., 2017; Kalakul et al., 2018; Konig et al.,
2020b), we consider an initial set of 71 renewable, selectively-produced species
in this study. More specifically, we consider 50 fuel candidates evaluated in a
recent review by Gschwend et al. (2019), 13 additional fuel candidates from one
of our previous integrated design study (Dahmen & Marquardt, 2017), and 8
additional non-oxygenated candidates found by reviewing an octane number
compendium (Derfer et al., 1958) and identifying one or multiple correspond-
ing renewable production pathways by a thorough literature review assisted
by reaction databases (Elsevier Information Systems GmbH, 2020; American
Chemical Society, 2020). For an overview of the pre-screened species, the reader
is referred to Table S1 of the Supplementary Material. Based on these 71 candi-
dates, we conduct a pre-screening that eliminates unsuitable species based on
pure-component volatility, toxicity, and current purchase price.

For volatility, the pure-component normal boiling point (NBP) serves as a
facile pre-screening criterion since it is readily available from databases. We
apply a lower limit of 30 °C for the NBP to ensure that each fuel candidate is
liquid at ambient temperatures and can thus easily be mixed in a lab. As an

upper bound on the NBP, we use the final SI engine boiling point restriction of

11
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the distillation curve, i.e., 210 °C (DIN Deutsches Institut fuer Normung e.V.,
2017).
Next, we exclude fuel candidates with known high toxicity based on the

LC50 of rats inhaling fuel vapor. Fuel candidates with a vapor-based LC50 value

below 10 4 are categorized as toxic or even fatal (SCHC-OSHA Alliance
GHS/HazCom Information Sheet Workgroup, 2017). Thus, we remove them
from further analysis to contribute to safer handling in future fuel testing or
application. For comparison, a light naphtha gasoline has an LC50 value of
20.7 4~ (Everhart & Hoover - Power Line Construction, Inc, 2020), which
qualifies as harmful but not toxic (SCHC-OSHA Alliance GHS/HazCom Infor-
mation Sheet Workgroup, 2017) and would therefore pass the pre-screening.
Lastly, we discard fuel candidates that can currently not be commercially
purchased or only at high prices of more than 200 %. Even though this

pre-screening criterion represents a strong limitation, setting a price limit is

necessary to practically enable future experimental testing of the designed fuels.
y top y p g g

3.2. Pathway model parameters

Figure 2 shows a graphical representation of the reaction pathway alternatives
for the renewable fuel species considered in optimization. Renewable fuel species
can be produced from lignocellulosic biomass, renewable Hs, and/or CO4 via
various intermediates.

We take reaction pathway data from literature and design/calculate the
downstream processing options using separation models (Aspen Technology,
2015; Bausa et al., 1998; Kraemer et al., 2011). For some fuel species, pathway
data can be taken from previous studies (Dahmen & Marquardt, 2017; Konig
et al., 2019, 2020b; Ulonska et al., 2016a). For the other fuel components,
we first identify appropriate pathways that connect the feedstocks to the fuel
species by conducting a manual literature research assisted by the use of reaction
databases (Elsevier Information Systems GmbH, 2020; American Chemical
Society, 2020). Using, e.g., the “synthesize” option of Reaxys, over 53 million

chemical reactions are screened and an exhaustive overview of reactions leading

12
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Figure 2: Overview of renewable fuel species and their production pathways considered
during optimization. Fuel species (large, dark gray nodes) are produced via various intermedi-
ates (small, light gray nodes) from lignocellulosic biomass, renewable Hz, and/or CO2 (large
white nodes). Edges indicate reaction pathways; initial biomass conversion pathways, i.e., BR1
and BR43, are exemplarily highlighted. Mixing/separation steps as well as auxiliaries are omit-

ted. 2-MTHF': 2-methyltetrahydrofuran; HMF: 5-hydroxymethylfurfural; 2-MF': 2-methylfuran.

to a specified fuel species is given. Based on these database results, we identify
suitable reactions leading from renewable feedstocks or platform molecules
towards the final fuel molecule. Longer routes with a multitude of intermediates
are more difficult to identify as the number of reactions and species to research
strongly increases. However, as such long routes are typically also associated to
higher yield losses and increased separation efforts, our focus on short routes is
not expected to affect the optimization results. To ensure that the network is
exhaustive, network generators such as RING (Rangarajan et al., 2010, 2012,

2014) could be used in the future. However, completely switching to such
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automated rule-based methods comes at the cost of losing experimental yield and
process information, which is needed for a thorough cost and GWI estimation. All
reaction pathway and downstream processing data can be found in Tables S2-S15
of the Supplementary Material.

The initial biomass conversion routes are highlighted in Figure 2. They
include a generic pretreatment step for biomass fractionation (BR1) (Ulonska
et al., 2016a) and biomass gasification (BR43) (Gil et al., 1999; Konig et al.,
2019). After fractionation (BR1), cellulose and hemicellulose can be hydrolyzed to
sugars (modeled as glucose and xylose, respectively) (Manonmani & Sreekantiah,
1987; Konig et al., 2019; Ulonska et al., 2016a), gasified (Gil et al., 1999; Konig
et al., 2019), or directly converted into other species. Based on glucose and xylose,
a wide range of fuel species can be produced via catalytic and fermentative
routes. The third biomass fraction, lignin, however, is considered for gasification
only (Gil et al., 1999; Konig et al., 2019).

The literature pathway data and their respective energy demands are used for
cost and GWI calculation as described in Section 2.1. To this end, the pathway
model further requires price data of all feedstocks and auxiliaries, economic
parameters for investment cost calculations, and emission data of utilities and
main feedstocks. In the following, a brief description of the emissions and the
prices of the main feedstocks, i.e., gasoline, biomass, Hy, and COs, is given. For

gasoline, which is modeled by an eight-component surrogate from Sarathy et al.

USD
kggasoline

(2016), we assume a price of 0.38

, which is equivalent to the average

German tax-free retail price of gasoline in 2016 (European Commission, 2016),

5 kgCOz,eq.

and an emission factor of 4.0 e , which equals the EU fossil fuel comparator

gasoline
kgc02,eq.

value of 94 Clowois

(European Parliament and the Council of the European
Union, 2018). For lignocellulosic biomass, we assume a composition based on
beech wood, i.e., 47.7 mol-% cellulose (approximated as CgH100O5), 35.1 mol-%
hemicellulose (approximated as C5H1¢0O5), and 17.2 mol-% lignin (approximated
as C10H1203) (Couhert et al., 2009; Dahmen & Marquardt, 2017), and a price
of 50 ﬁ (Ruth, 2011). We disregard upstream emissions of biomass,

e.g., for harvesting and transport, since the focus of this study is strictly on
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the conversion process. The second renewable feedstock, Hs, is provided to
our process at steady-state at a price of 5.8 Egs—le (Grube & Hohlein, 2014).
Based on the emissions of off-shore wind power in 2020 (International Institute
for Sustainability Analysis and Strategy, 2015) and the electricity demand of
electrolysis (Gotz et al., 2016), the emissions caused by water electrolysis are
incorporated as 0.256 kg%j;“z For the third renewable feedstock, CO5, we
assume production via carbon capture from a steel plant exhaust gas stream at
upstream emissions of 0.034 % (Kasten et al., 2013; International Institute
for Sustainability Analysis and Strategy, 2015) and cost of 40 % (Quader
et al., 2016; Konig et al., 2019). A complete overview of all cost and emission
parameters is provided in Tables S16-S18 of the Supplementary Material.
Finally, we assume a fixed fuel output of o = 2.77- 1012%. This value is equal

to the fuel output used in our previous studies (Konig et al., 2020b, 2019; Ulonska
et al., 2016a) and roughly relates to the energy content of 100,000 %

3.3. Fuel property model parameters

The fuel property model requires pure-component data for all species and a
set of fuel requirements for each ICE type. We take the pure-component fuel
properties from databases and literature or use property prediction models. We
adapt fuel requirements from European fuel standards (DIN Deutsches Institut
fuer Normung e.V., 2017, 2018) and from our previous studies (Dahmen &
Marquardt, 2017; Konig et al., 2020b). In the following, the compiled data, their
sources, and assumptions are described in more detail.

We take experimental pure-component RON and MON data from litera-
ture (Derfer et al., 1958; Yanowitz et al., 2011; McCormick et al., 2017; Naegeli
et al., 1989; Lange et al., 2010). For those fuels, for which no experimental data
is available, we estimate the RON and MON values using our recently developed
data-driven approach that predicts RON and MON based on the molecular
graph (Schweidtmann et al., 2020). We use the DIPPR database to retrieve
pure-component data for liquid density, kinematic viscosity, surface tension, and

enthalpy of vaporization (AIChE, 2018). For species not included in the DIPPR
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database, we use experimental values from other sources listed in Tables S20-
S22 of the Supplementary Material. Finally, the calculation of the fuel vapor
pressure requires pure-component vapor pressures at 37.8 °C and parameters
to calculate activity coeflicients. For pure-component vapor pressures, we use
the extended Antoine equation with parameters taken from Aspen Plus (Aspen
Technology, 2015), or from vapor pressure handbooks (Yaws & Satyro, 2015;
Hall, 2000). To calculate the activity coefficients during optimization, we apply
the non-random two liquid (NRTL) model (Renon & Prausnitz, 1968) with
parameters fitted to activity coefficients predicted by COSMO-RS (Klamt, 2019).
An overview of all pure-component fuel properties is provided in Tables S19-S22
of the Supplementary Material.

We consider three sets of fuel requirements that describe key specifications
for the three different engine types, i.e., CSIEs, FFVEs, and UHEEs. The fuel

requirements are shown in Table 2.
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Table 2: Fuel requirements for the three engine types considered in this study: CSIE (based
on EN228 DIN Deutsches Institut fuer Normung e.V. (2017)), FFVE (based on EN15293 DIN
Deutsches Institut fuer Normung e.V. (2018)), and UHEE (based on previous studies by Konig
et al. (2020b); Dahmen & Marquardt (2017)). Dash denotes no restriction; parentheses denote

generic restrictions given to the optimizer.

min max
@) e - ®) 3 =
research octane number, RON [+] 95 | 95 | 110 || (150) | (150) | (150)
motor octane number, MON [-] 85 | 85 - (150) | (150) -
liquid density at 15 °C, p [%] 720 | 720 - 775 800 -
olefin content, olefin [vol-%] 0) | (0) | (0) 18 18 18
aromatic content, aromatic [vol-%)] (0) | (0) | (0) 35 35 35
oxygen content Os [wt-%| (0) - 10 3.7 - (100)
vapor pressure at 37.8 °C p, [kPa] 45 35 35 100 100 100
ET70 distillation fraction z7om [mol-%] 22 3 3 52 52 52
E100 distillation fraction z1gom [mol-%] | 46 | 46 | 46 72 (100) | (100)
E150 distillation fraction zi50m [mol-%| | 75 | 75 | 75 || (100) | (100) | (100)
surface tension at 25 °C, o [2N] - - (0) - - 30
kinematic viscosity at 25 °C, v [mez] - - 0.5 - - 2
enthalpy of vaporization at - - (0) - - 60
25 °C, Huap ||
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The fuel requirements for CSIEs are based on the EN228 gasoline standard
for E10 gasoline (DIN Deutsches Institut fuer Normung e.V., 2017). The re-
strictions on RON and MON, liquid density, vapor pressure, and content of
olefins, aromatics, and oxygen are directly taken from the EN228 standard (DIN
Deutsches Institut fuer Normung e.V., 2017). The EN228 standard is also the
basis for the distillation curve restrictions. However, instead of volume fractions,
we assume mole fractions as these allow for a simpler and more efficient model
formulation. In our previous study (Dahmen & Marquardt, 2017), the simplifica-
tion to mole-based distillation curves only caused small deviations in comparison
to a volume-based modeling approach.

For FFVEs, we expand the fuel requirements used for CSIEs by considering
the EN15293 standard for E85 fuel (DIN Deutsches Institut fuer Normung e.V.,
2018). Note that FFVEs can operate on both regular gasoline and E85 fuel (Ford
Motor Company, 2020). Following the EN15293, we choose a maximal allowed
density of 800 ;—%7 eliminate O5 content restrictions, and set the lower bound for
the vapor pressure to 35 kPa. As the distillation curve is not explicitly addressed
by the EN15293 standard, we expand the corresponding restrictions based on
the distillation curve of a typical E85 fuel (Andersen et al., 2010).

We stress that our CSIE and FFVE fuel requirements disregard further
standardized properties. Most importantly, we neglect restrictions on specific
oxygenates, e.g., methanol, since limiting our study to the few oxygenates
explicitly named in the standard would defeat most purpose of fuel design. We
postpone analysis of corrosion effects and oxidation stability to future blend
validation due to the lack of suitable models. We consider the vapor pressure and
distillation curve restrictions to be sufficient indicators for volatility and thus
disregard the vapor lock index. Finally, we exclude restrictions on impurities,
e.g., benzene, manganese, water, and lead content, as they do not apply to our
study.

For UHEESs, which are not yet commercially available, we adapt the fuel
requirements defined in our earlier study (Konig et al., 2020b). Instead of using

DCN as a surrogate parameter for RON, we now directly consider RON to
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assess fuel knock resistance. Since DCN and RON are inversely correlated, the
previously employed restriction, DCN < 10, can be roughly translated into a
new restriction of RON > 110 (Perez & Boehman, 2012). Such high RONs
indicate strong anti-knock behavior even under the extreme operating conditions
of UHEEs. Aiming at uniform mixture formation and resulting clean combustion,
the surface tension and viscosity are restricted. Moreover, a lower bound is
used for the Oy content to limit soot formation (Konig et al., 2020b; Dahmen
& Marquardt, 2017). To reduce harmful engine-out emissions that can arise
due to olefins and aromatics (Karavalakis et al., 2015; Wei et al., 2019), we
restrict their respective contents based on the EN228 standards (DIN Deutsches
Institut fuer Normung e.V., 2017). We set the restrictions on distillation curve
and vapor pressure for UHEEs equal to those of FFVEs. As an additional
indicator for mixture formation during cold-start/-run phases, the UHEE-based
fuel requirements include the enthalpy of vaporization (Konig et al., 2020b). As
in Kénig et al. (2020b), the UHEE-based fuel requirements do not consider a
limit on the MON or the fuel density, thus leaving those fields of Table 2 blank.

8.4. Overview of the nonlinear optimization problem

We implement the multi-objective continuous NLP in GAMS ver-
sion 30.1 (GAMS Development Corporation, 2020) using the e-constraint
method (Haimes et al., 1971). For each ICE type, pathway model and fuel
property model are solved simultaneously considering the respective fuel re-
quirements of Table 2 and using the deterministic global solver BARON version
19.12.7 (Khajavirad & Sahinidis, 2018). We set a branching priority of 20 on
the molar fuel fractions. Furthermore, we assign a relative optimality tolerance
of 0.01 and a time limit of 6000 seconds to each optimization run. While for
some runs, e.g., those for CSIE fuels, a guaranteed global solution is found,
for others, the time limit is reached before the problem has converged to the
desired optimality. When we tried solving times larger than 6000 seconds, no
better solution was found but instead, we have observed that the lower bound

convergence stagnates. Furthermore, in all cases, we have seen that all branch-
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and-bound iterations only alter the lower bound, whereas the upper bound does
not improve after BARON’s pre-processing. We thus presume that the solution
found is indeed globally optimal. The complete nonlinear optimization problem
is summarized below. For the specific equations, the reader is referred to Konig

et al. (2020b) and the Supplementary Material:
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specific cost, Cypec
specific GWI, GWlgpec

min
s.t. pathway model

product and side product mole balances and yield restrictions,

utility requirements of reaction/separation pathways,

raw material cost,

waste disposal cost,

utility cost,

investment cost,

process- and feedstock-related GWI estimation,

fixed annual fuel output «,

molar flow rates of fuel species put in blend (Eq. S1-S2),

fuel property model

mole and mass fractions of fuel,

mixing rule for RON and MON (Eq. S3),

mixing rule for density,

mixing rule for aromatic and olefin content (Eq. S5-S6),

oxygen content of fuel,

mixing rule for viscosity,

mixing rule for surface tension,

mixing rule for enthalpy of vaporization,

calculation of vapor pressure,

TBP curve: mole fraction of fuel evaporated at 70, 100, and 150°C (Eq. S7),

lower and upper bounds of fuel properties according to fuel requirements,

nonnegativity constraints for fluxes.

a18 To provide further insights on cost and GWI of the production of each fuel
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species, we also optimize the pathway model for each fuel species individu-
ally without taking into account any fuel requirements (see Section 6 of the

Supplementary Material for the results).

4. Results

The pre-screening reduces the initial number of 71 possible fuel candidates
based on three criteria (see Section 3.1). The first screening criterion (NBP)
leaves 66 suitable species. The second criterion (LC50) reduces the number
further to 57 candidates and finally, the third criterion (current purchase price)
leaves 47 renewable fuel species and their production pathways (see Figure 2),
which are forwarded to the optimization problem.

Optimization of the considered 47 renewable fuel species, their production
pathways, and a gasoline surrogate yields the fuel production performances,
compositions, and properties given in Figure 3. The left diagrams show the
Pareto fronts for cost and GWI optimization. Each point on each of the Pareto
fronts corresponds to a Pareto-optimal fuel and process design. The optimal fuel
compositions are given in the centered bar charts. The corresponding optimal
pathway designs are summarized in Table S23 of the Supplementary Material.
Finally, the right diagrams of Figure 3 show the properties of the respective
optimal fuels with their axes being normalized to the minimal and maximal
allowed values for each property and engine type (see values in Table 2).

The Pareto fronts (left part of Figure 3) provide the performance comparison
between the optimized fuels with the direction of optimization pointing towards
the origin of the graph. As expected, fossil gasoline remains the least costly
fuel and is thus chosen by the optimizer as the cost-optimal CSIE and FFVE
fuel. For UHEE fuels, which require a minimum oxygen content of 10 wt-%
and a minimum RON of 110 (see Table 2), gasoline alone is not feasible but
highly knock-resistant oxygenates like methyl acetate are blended. As GWI
is reduced, the content of renewable fuels increases for all ICE types. At the

point of minimal GWI, all optimized fuels are completely renewable. CSIE fuels
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Figure 3: Optimized fuels for (a) CSIEs (commercialized), (b) FFVEs (commercialized), and
(c) UHEEs (future engines subject to further development): The left diagrams present the
Pareto fronts for cost and GWI optimization. The bar charts in the center show the optimal
fuel compositions, and the right charts display the respective fuel properties with black points
indicating a limiting fuel requirement, white points referring to a specified but non-limiting
fuel requirement and blank spaces showing that the fuel property is not restricted for the
respective engine (see Table 2 for values of minimal and maximal bounds as well as symbols

used in right diagram).

kgco2,eq

show a comparatively high GWI of 38 —552¢ at the point of minimal GWI and
high cost. In contrast, GWI-optimal fuels for UHEEs and FFVEs reach GWIs
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reductions of up to 84% and 87%, respectively, compared to regular gasoline.
Such GWI reductions also incur high cost, which are, however, smaller than
those of CSIE fuels. As the Pareto fronts of FFVE and UHEE fuels are generally
located closer to the lower left corner of the graph, it can be concluded that they
have better Pareto performance compared to the CSIE fuels.

The differences in cost and GWI performance trace back to the different fuel
requirements. More specifically, as CSIE fuels are limited to a maximum Os
content of 3.7 wt-% (DIN Deutsches Institut fuer Normung e.V., 2017), they
cannot take as much advantage of low-cost, low-GWI oxygenates as FFVE and
UHEE fuels. Instead, hydrocarbons like hexene or pentane are added, which can
be produced at relatively low GWI and low cost but are subject to unfavorable
knocking characteristics, i.e., RONpentane =62, RONpexene =76 (Derfer et al., 1958).
As a result, RON arises as another limitation next to Oy content (see upper right
diagram in Figure 3). The low RON of pentane and hexene is counteracted by
blending of the knock-resistant hydrocarbon toluene with RON¢ojyene =120 (Derfer
et al., 1958). Toluene, however, is produced via a rather long production route
that incurs many yield losses leading to high raw material and waste costs. The
unfavorable production performance of non-oxygenates like toluene explains the
rather flat shape of the CSIE fuel Pareto front.

FFVEs allow for more flexibility in fuel design as their fuel requirements
are adapted to a high fuel oxygen content (see Table 2). Next to fossil
gasoline, low-cost, low-GWI renewable oxygenates like 3-methyl-2-butanone,
2-methyltetrahydrofuran (2-MTHF), and tetrahydrofuran are blended in the
optimal fuels (see central composition diagram in Figure 3). At lower GWIs, the
content of renewable fuel species increases giving rise to property limitations,
e.g., due to the unfavorable knocking characteristics of the two tetrahydrofurans.
Furthermore, the density and vapor pressure are restricted to a maximum of
800 % and a minimum of 35 kPa, respectively (DIN Deutsches Institut fuer Nor-
mung e.V., 2018). These limits are violated by many oxygenates and therefore
also pose limitations at high renewable fuel contents (see center right diagram in

Figure 3).
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UHEE fuels are not limited by an upper O content or density but must have
a minimum RON of 110 (see Table 2). Thus, highly knock-resistant species like
methyl and ethyl acetate or methanol and ethanol are added (see center lower
diagram in Figure 3). The blending of alcohols may lead to problematic cold-start
operation (Markel & Bailey, 1998). In our designs, we use the vapor pressure
and enthalpy of vaporization constraints to limit this well-known unfavorable
property of the alcohols. This results in blending of either fossil gasoline or
renewable pentane (see lower centered diagram in Figure 3).

We observe that, irrespective of the ICE type, some fuel components are
blended more often than others indicating that their production either shows
favorable cost and GWI or that they complement other species that show
favorable cost and GWI. To provide further insights on cost and GWI of the
production of each fuel species, we optimize the pathway model for each fuel
species individually without taking into account any fuel requirements. The
results of this analysis are given in Figure S1 and Table S24 of the Supplementary
Material. While individual production cost and GWI do not account for co-
production benefits, the results still help to understand why, e.g., pentane and
3-methyl-2-butanone emerge as blending candidates of first choice (see center
diagrams of Figure 3). Specifically, 3-methyl-2-butanone is produced from the
cellulose fraction of biomass via the intermediate iso-prene that can be recovered
from the aqueous phase using simple phase separation. This facile separation,
the use of inexpensive biomass feedstock, and the high RON make 3-methyl-
2-butanone an attractive low-cost, low-GWI fuel component (see Figure S1(b)
of the Supplementary Material). In contrast, pentane is produced from the
hemicellulose fraction via xylitol. Again, the downstream processing exploits
a miscibility gap leading to low emissions. Even though there are other fuel
species with an even better individual production performance than pentane (see
Figure S1 of the Supplementary Material), the use of the hemicellulose fraction
is complementary to the production of many Cg-based fuel species. Furthermore,
the low density, high volatility, and the lack of an oxygen atom make pentane an

interesting blending candidate that balances well with many oxygenates including
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3-methyl-2-butanone.

To illustrate how 3-methyl-2-butanone and pentane are produced in an
overall process, we consider the 100%-renewable, low-cost, low-GWI UHEE fuel
that shows cost of 13 GUJSf]i - and a GWTI of 28 kéﬂ% in the UHEE Pareto

front in Figure 3(c). This fuel is produced by the production routes seen in
Figure 4. First, biomass feedstock is fractionated into cellulose, hemicellulose,
and lignin (BR1). Then, the cellulose fraction is converted to low-cost, low-GWI
3-methyl-2-butanone via glucose and iso-prene intermediates (BR264, BR255)
whereas hemicellulose is used to produce multiple species, i.e., ethanol (BR4,
BR7), ethyl acetate (BR4, BR7, BR116), and pentane (BR320, BR273). Ethanol,
which has a RON of 109 (Yanowitz et al., 2011), can be produced at relatively
low cost and low GWI (see Figure S1(a)) and ethyl acetate acts as an octane
booster with a RON of 118 (McCormick et al., 2017). The production of ethyl
acetate via BR116 also co-produces Hy, which is used as an auxiliary input for
the production of pentane that increases the volatility of the fuel and hence
ensures a feasible vapor pressure. As the co-produced Hy from BR116 is not
sufficient for pentane production, additional Hs is provided by syngas (modeled
as a mixture of CO, Hy, and CO3) from lignin gasification (BR46). The syngas
is also used in HR5, HR16, and BR123 to produce methanol and methyl acetate,
respectively. Methyl acetate, which has an exceptional RON of 120 (McCormick
et al., 2017), enhances knock-resistance whereas methanol has a better process
performance due to the shorter pathway. This integrated use of lignin-based
syngas and co-produced Hs from BR116 avoids external provision of expensive
electricity-based Hy. External COs is also not required since enough COq for
HR16 is co-produced during syngas treatment and further COs from ethanol
and iso-prene fermentation (BR7, BR264) is even left unused. This exemplary
process shows how different fuel species can be efficiently co-produced to yield
a fully renewable UHEE blend that not only fulfills the fuel requirements but
also leads to high GWI reductions at relatively small cost increases compared to

fossil gasoline.
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Figure 4: Optimal processing scheme for exemplary UHEE fuel (corresponding process per-

k
formance of 13 25D and 28 28024 g een in the UHEE Pareto front in Figure 3(c)).
GJfuel GJfuel

Externally provided feedstock, i.e., biomass, is indicated by a black-lined box. Gray font

indicates intermediates that are produced but fully converted into other species. Bold black
font refers to species that are added to the blend with the indicated percentages given in
mol-% and, alternatively, wt-%. Normal black font denotes species that are co-produced.
Auxiliary reactants and products, e.g., water, are omitted along with all separation steps in

this visualization.

5. Discussion

This study optimizes fuels for different ICE types regarding production
cost and GWI taking into account a wide range of alternative fuel species and
associated production pathways. While fossil gasoline is still the least costly
fuel, 100% renewable fuels are designed for all engine types at minimal GWI.
The design of 100% renewable, selectively-produced CSIE fuels constitutes a
significant improvement over many previous model-based CSIE fuel designs,
which only achieve moderate amounts of renewable fuel content (Marvin et al.,
2013; Yunus et al., 2014). This is mainly due to the fact that our study includes
a wide variety of oxygenated and non-oxygenated fuel species allowing for more
complex mixtures to be designed without the need of fossil gasoline blending.
For the relatively new concept of UHEEs, fully renewable fuel blends are feasible

by design and have already been formulated in our previous studies (Dahmen
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& Marquardt, 2017; Konig et al., 2020b). However, compared to Dahmen &
Marquardt (2017), our pre-screening step (see Section 3.1) eliminates all gaseous
and commercially unavailable species, thus simplifying future experimental
research. Furthermore, our designed UHEE fuels provide both cost and GWI
improvements compared to the UHEE fuels designed in Konig et al. (2020b). This
is again due the large scope of this study, which includes a gasoline surrogate as
well as 47 renewable fuel species, some with very promising process performance,
whereas our previous study only included a proof-of-concept case study with 7
renewable fuel species (Konig et al., 2020Db).

By conducting an integrated fuel design for several engine types, i.e., CSIEs,
FFVEs, and UHEEs, this study allows for a comparison of the process cost and
GWI reduction potentials of optimized, selectively-produced fuels for different
ICE types. Based on the three sets of fuel requirements derived in this study,
the results show that for all considered ICE types, GWI reduction potentials of
60% are possible through renewable fuel production. For CSIE fuels, these GWI
reductions are associated to high production costs, whereas FFVE and UHEE
fuels achieve the same GWI reduction at nearly the same cost as fossil gasoline.
Moreover, FFVE and UHEE fuels can achieve further GWI reductions of up to
87% and 84% compared to fossil gasoline, respectively. For example, the 100%-
renewable UHEE fuel that is produced via the production routes seen in Figure 4
reduces GWI by 70% with relatively small cost increases compared to fossil
gasoline (see Figure 3). These cost increases are estimated to lie within ranges
that could be compensated by tax reductions on renewable fuels (European
Commission, 2016). Furthermore, the estimated GWI reductions of 70% meet
the current European COs reduction targets for biofuels, i.e., 65% reduction
for plants starting production in 2021 or later (European Parliament and the
Council of the European Union, 2018). Similar cost and GWI performances can
be achieved with an designed FFVE fuel that contains small contents of fossil
gasoline.

The designed fuels should be experimentally tested with respect to engine

compatibility. For FFVEs and CSIEs, we considered many important properties
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standardized in Europe but had to disregard others (see Section 3.3) thus
clearly leading to a best-case assessment. However, even under such idealizing
assumptions, our results suggest an unfavorable cost/GWI Pareto performance
of optimized fuels for CSIEs with the main fuel property bottleneck being the
strongly restricted oxygen content that renders the extensive use of many efficient
pathways leading to oxygenated species infeasible. These results are based on
selective, experimentally-proven production routes. In principle, incorporating
unselective production routes such as pyrolysis or the Fischer-Tropsch process
that yield non-oxygenated hydrocarbon mixtures could improve the performance
of optimized CSIE fuels.

The superior process performance of selectively-produced FFVE and UHEE
fuels provides an argument for switching from today’s CSIE technology to
advanced engine technologies. In the future, this supposed benefit in fuel
production should be weighed against the investments in technology development,
market launch, and fuel distribution infrastructure that are needed for large-scale
implementation of FFVEs or UHEEs and their respective fuels. FFVEs are
already commercially available (Ford Motor Company, 2020) thus enabling a
potentially faster and less costly change than the implementation of UHEESs,
which are still in research phase. Furthermore, FFVEs have the potential to
enable a smooth transition from fossil fuels to renewable ones since they are
suited for both types of fuels and hence can also be used during a transitional
phase, in which the fueling station infrastructure of renewable fuels is limited. In
comparison, regular gasoline is not feasible in UHEESs, which require fuels with
higher knock-resistance, thus leading to a stronger market entry barrier. The
large-scale implementation of UHEESs therefore requires more time and effort
but promises cleaner and more efficient combustion compared to the current
engine technology (Hoppe et al., 2015). To quantify this benefit, fuel-specific
engine efficiency and engine-out pollutant emissions need to be determined and

co-optimized in future comparisons.
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6. Conclusion

This study quantifies and compares cost and GWI reduction potentials of
fuels for CSIEs, FFVEs, and UHEEs. To this end, we conduct a pre-screening
of 71 fuel candidates and apply our model-based integrated fuel and process
design method (Konig et al., 2020b) to the remaining 47 renewable fuel species
and their selective production routes with additional consideration of blending
fossil gasoline. For each engine type, we derive fuel requirements based on the
existing European fuel standards (DIN Deutsches Institut fuer Normung e. V.,
2017, 2018) and previously published fuel requirements of UHEEs (Dahmen &
Marquardt, 2017; Konig et al., 2020b).

The resulting optimized fuels and associated production routes confirm fossil
gasoline to be the least expensive fuel whereas for minimal GWI, fully renewable
fuels have been designed, which come at high costs. For UHEEs and FFVEs,
however, strong GWI reductions can be achieved at only slightly higher costs
compared to fossil gasoline. In particular, we designed a fully renewable optimal
UHEE fuel, which shows a GWI reduction of 70% compared to gasoline and cost
increases that lie within ranges that could be compensated by tax reductions on
renewable fuels. This favorable performance is achieved by a highly-integrated
bio-based production process. Similar fuel production performances are achieved
with optimized FFVE fuels that contain small amounts of conventional gasoline.
These promising results demonstrate model-based integrated fuel and process
design as a powerful method capable of optimizing fuels and their production
in a unique way that accounts for the interdependence between feasible fuel
compositions and efficient (co-)production.

The comparison of selectively-produced optimized fuels for different ICE
types shows that FFVE and UHEE fuels outperform CSIE fuels with respect to
their production cost at a specific GWI reduction. This is due to the fact that
the fuel requirements of FFVEs and UHEEs are well-suited to the properties
of low-cost, low-GWI oxygenated renewable species whereas for CSIEs, the use

of such oxygenates is strongly limited by the strict upper bound on the fuel’s

30



645

646

656

657

658

659

660

667

668

670

oxygen content. The results thus provide one argument for replacing CSIE by

FFVE and/or UHEE technology.
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