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HIGHLIGHTS

e A novel multicriteria (MCDM) framework using AHP and q-ROLPBM operator is presented.

e We incorporate stakeholders’ degree of pessimistic and optimistic rate for all criteria.

e Environmental and economic are the most crucial dimensions followed by social and technical ones.
o e-fuel and e-biofuel are found to be the two top ranked production pathways.

o Findings are valuable for policy/investment development for sustainable fuel production.

ARTICLE INFO ABSTRACT
Keywords: It is widely believed that alternative low carbon fuels (ALCF) can be instrumental in achieving the transportation
e-fuels sector’s decarbonization goal. Unlike conventional fossil-based fuels, ALCF can be produced through a combi-

Alternative low carbon fuels (ALCF)
UK transportation sector
Analytics hierarchy process (AHP)

nation of different chemical processes and feedstocks. The inherent complexity of the problem justifies the multi-
criteria decision-making (MCDM) approach to support decision-making in the presence of multiple criteria and
q-rung orthopair linguistic partition Bonferroni data uncertainty. In this paper, we propose a novel stakeholder participation-based MCDM framework inte-
mean operator grating experts’ perspectives on ALCF production pathways using the analytics hierarchy process (AHP) and the
MCDM q-rung orthopair linguistic partition Bonferroni mean (q-ROLPBM) operator. The key merit of our approach lies
in treating criteria of different dimensions as heterogeneous indicators while considering the mutual influence
between criteria within the same dimension. The proposed framework is applied to evaluate four ALCF pro-
duction pathways against 13 criteria categorised under economic, environmental, technical, and social di-
mensions for the case of the United Kingdom (UK). Our analysis revealed the environmental and the economic
dimensions to be the most important, followed by the social and technical evaluation dimensions. The e-fuel
followed by the e-biofuel are found to be the two top-ranked production pathways that utilise the electrochemical
reduction process and its combination with anaerobic digestion. These findings, along with our recommenda-
tions, provide decision-makers with guidelines on ALCF production pathway selection and formulate effective
policies for investment.

1. Introduction the emissions (7.2 Gt CO») in 2020 compared to (8.5 Gt CO3) 2019, the
rebound in passenger and cargo transport demand would result in

Global transportation accounts for 57 % of oil demand [1] and is emissions growth [3]. Technology lock-in to use fossil oil for various
responsible for 24 % of the direct carbon dioxide (CO3) emissions from transport modes has made it difficult for the sector to decarbonise [4]. In
fuel combustion [2]. Although the COVID-19 travel restrictions reduced response to the global climate change challenge, alternative
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decarbonization measures include battery power [5], hydrogen fuel cells
[6,7], and the use of alternative low carbon (bio or synthetic) fuels
(methanol, ethanol, biogas) [8,9] are gaining importance. Of the three
options, alternative low carbon fuels (ALCFs) have the largest share [10]
and play a crucial role in decarbonizing the transportation sector. To be
more specific, the total biofuel production surged from 142.6 million
litres to 160.9 million litres in 2019 (78 % bioethanol and 22 % bio-
diesel) [11]. Along with emission savings, the use of renewable fuel
ensures energy security and rural development and achieves circular
economy goals [12].

The ALCF follows a waste-to-energy approach. The key merit of this
approach is to produce useful products (methane, methanol) by
reducing waste material, CO, emissions to the atmosphere, and con-
sumption of non-renewable resources. Typical feedstocks used in waste-
to-energy pathways include but are not limited to fats, oil, and grease
(FOG), sludge, manure, forestry, and agricultural waste. Similarly,
capturing CO, to make fuel is an innovative and emerging topic
attracting worldwide attention [13,14], hence the focus of our current
research. The resultant products produced following the waste-to-
energy approach then require further upgrading to generate transport
fuels (also known as “drop-in” or “synthetic” fuels).

Despite its potential to enable the transportation sector to achieve
carbon neutrality, ALCF also faces significant barriers to scale-up
[15,16]. The foremost of these is the technical challenge of energy ef-
ficiency. For example, Ganesh [17] highlighted the low energy effi-
ciency of production processes as one of the key hurdles to converting
CO;, into sustainable fuels. This view is reiterated by Montazersadgh
et al. [18] with research being performed to improve the production
system efficiency of converting CO, to produce methanol. For biogas
production, Mahmudul et al. [19] reviewed several technologies and
suggested using solar energy to improve production efficiency. Likewise,
Kargbo et al. [20] pointed out that technical inefficiencies due to a low
level of technical readiness in drop-in fuel production methods can
potentially extend into the economic domain, manifesting themselves in
the form of high cost in comparison to fossil fuels, thus holding back
ALCF commercialization. Apart from the technical uncertainty of the
sustainable fuel production pathway, there are complex non-technical
barriers that need to be resolved, including the social perception of
ALCFs [21,22], the environmental impact of drop-in fuel production and
distribution [23], and economic considerations [20,24].

1.1. Motivation

The selection of ALCF production pathways is a multi-faceted tactical
decision problem amid a high level of uncertainty in the sector. Most
studies have focused on assessing the attractiveness of ALCF using
techno-economic analysis (TEA) [25-28]. Despite TEA being instru-
mental in optimising process design and quantifying final product
selling price [29], the evaluation of ALCF involves a multi-dimensional
(e.g., economics, environmental, technical, social) and multi-
hierarchical structure characteristic. Therefore, there is a need to uti-
lise the multi-criteria decision-making (MCDM) framework to effec-
tively aggregate multiple and conflicting criteria, incorporating data
uncertainty, supporting data in different forms, and reflecting stake-
holders’ perspectives. Our paper aims to fill this gap by proposing a
stakeholder participatory approach based on the MCDM framework to
assess ALCF production pathways.

One strand of studies focused on applying standard MCDM methods
(e.g., Analytics Hierarchy Process (AHP), Technique for Order Prefer-
ence by Similarity to Ideal Solution (TOPSIS)) to evaluate fuel produc-
tion technologies.! However, this class of techniques unable to fully
reflect the criteria measurements’ data uncertainty, as most ALCF

1 For instance, Hansson et al. [94] used AHP to rank order seven marine fuel
options against 10 evaluation criteria.
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production pathways are in a relatively early stage and are continuously
evolving. To incorporate the issue of data uncertainty, several authors
have utilised fuzzy MCDM methods. Ren and Liang [30], for example,
used the fuzzy TOPSIS-based MCDM method to measure the sustain-
ability of alternative marine fuels. Similarly, Sehatpour and Kazemi [31]
drew a hybrid framework based on fuzzy multi-objective programming
and MCDM to determine an optimised sustainable fuel portfolio of six
different fuels. Lin et al. [32] assessed the sustainability prioritisation of
hydrogen pathways using a Z-number best worst method to address the
ambiguity and fuzziness of stakeholders’ opinions.

Despite fuzzy MCDM methods providing a valuable solution to assess
uncertain and fuzzy criteria, they can only offer a qualitative grade level.
One common approach to quantify qualitative information is to use an
intuitionistic fuzzy set (IFS) to set parameters of membership degree and
non-membership degree. The main limitation of traditional IFS resides
in its inability to handle nonbinary limited evaluation information; that
is, the sum of membership degree and non-membership degree in the
evaluation value must be less than or equal to 1[33-35]. ’As such, Yager
[36] proposed the concept of a g-rung orthopair fuzzy set (q-ROFS),
which can effectively process the complex evaluation information i.e., a
situation where the sum of the degree of membership and the degree of
non-membership is greater than 1. Meanwhile, the MCDM method based
on g-ROFS has been widely used to address practical problems, such as
the evaluation of government strategies [37], energy and environmental
assessment [38], and product design optimisation [39].

Note that both IFS and q-ROFS can only express the “good” and “bad”
aspects of a thing, but they cannot give the credibility of the “good and
“bad”. Therefore, the evaluation information expressed by IFS or g-ROFS
has high subjectivity and randomness, which can adversely affect the
robustness of the evaluation results. In practice, decision makers are
likely to face self-contradiction in assessing the acceptance and disap-
proval rate for certain criterion given the early stage of technologies.
Under such circumstances, one can utilises Herrera and Herrera-Vied-
ma’s concept of g-rung orthopair linguistic set to capture the contra-
dictory information by evaluators while give the credibility
measurement level of it to provide a comprehensive decision support
[40].

Several researchers have enriched the g-rung orthopair linguistic set
theory [41-48]. For example, Akram et al. [46] applied the q-rung
orthopair linguistic model to address the group decision-making prob-
lems; Liu and Huang [47] investigated the consensus reaching process in
group decision-making based on the g-rung orthopair linguistic set
theory. In addition, Akram and Shahzadi [43], Naz et al. [42], and Saha
et al. [44] used the g-rung orthopair linguistic set to handle MCDM
problems and developed a series of new decision-making algorithms.

To describe these contradictions and give the credibility of evalua-
tion information on evaluating ALCF production pathways, it is crucial
to introduce the q-rung orthopair linguistic set to characterize the
evaluation information. Furthermore, the criteria system in our study
has the characteristics of multi-layer structure, existing methods often
ignore the independence between the criteria from different dimensions
and interrelatedness among the criteria in the same -category
[33-35,49]. Therefore, we also need to develop an aggregation operator
and multi-criteria framework based on q-rung orthopair linguistic set.

1.2. Contributions

Our overarching research question is how to provide a comprehen-
sive decision support for ALCF production pathway selections to accel-
erate transportation sector’s decarbonization goal? The innovative
methodological contributions of this paper are summarised as follows.
First, we introduce the q-rung orthopair linguistic set that represents the

2 Many authors have explored basic property exploration of q-ROFS [90], q-
ROFS-based aggregation operator [91], and MCDM [38].
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Fig. 1. Sustainable fuel production pathway assessment framework.

complex evaluation information for ALCF. The linguistic term set and q-
rung orthopair fuzzy set depict the criterion’s rating level and its cred-
ibility/uncertainty, respectively. Second, a new MCDM method based on
the q-rung orthopair linguistic weighted partition Bonferroni mean
operator is proposed to aggregate criteria information with a multi-level
structure for evaluating sustainable fuel production pathways.
Following the multi-dimensional characteristics of the criterion system,
we use the attribute segmentation approach to highlight the heteroge-
neity and independence of criteria of different dimensions. To be more
specific, we avoid linear addition or multiplication in traditional
weighted average operators that prevent treating criteria of different
dimensions as homogenous indicators.

Our practical contributions including the design of a United Kingdom
(UK) case study to assess competing ALCF technologies using our novel
framework. Note that one of the main challenges in assessing ALCF
technologies is to identify and apply criteria that are trustworthy among
stakeholders. Thus, we developed a thorough criteria system for evalu-
ating ALCF production pathways and validated it through both an in-
depth literature review and expert consultations. Each pathway is
assessed against 13 criteria encompassing the economic, environmental,
technical, and social dimensions. For every criterion, we gather the
relative importance/weights together with ratings of each production
pathway via an online expert survey. Finally, by evaluating four
competing sustainable fuel production pathways based on expert
opinion and preferences, we address another important research ques-
tion; namely, why certain pathways are doing better in specific aspects
and globally, respectively? These findings are important in production
location selection decisions, identifying and developing technology
clusters, and planning for future energy infrastructure flexibility and
resilience. The rankings provided could be instrumental in unfolding the
complexity around the ALCF supply chain and towards defining a long-
term road map for energy and transport system decarbonization and

creating local and international collaborations as co-benefits. The pro-
posed approach is a generic framework that could be used for any
benchmarking activities for businesses, countries, or regions looking for
developing their alternative fuel productions.

1.3. Outline

The rest of this paper is organised as follows. Section 2 describes our
proposed MCDM framework for ranking alternative low carbon drop-in
fuel production pathways and data collection. Section 3 introduces the
g-rung orthopair linguistic partition Bonferroni mean operator. Section
4 presents and discusses the results in detail, while Section 5 reports the
sensitivity analysis. Finally, Section 6 concludes and sets the direction
for future work.

2. Framework design

In this study, we propose a novel framework to evaluate the attrac-
tiveness of four competing ALCF production pathways and formulate a
multi-criterion ranking to assist stakeholders in making informed de-
cisions. Fig. 1 illustrates the key steps to operationalise our proposed
framework.

2.1. Choice of alternative and performance criteria

In terms of the choice of an alternative, we opt to evaluate four
competing low carbon fuel production pathways that cover a wide
spectrum of technology readiness levels as follows: e-fuel; solar-fuel;
biofuel; and e-biofuel — see Fig. 2 and Table 1 for details. More specif-
ically, we include fuel production with captured CO; from industrial
processes or from the atmosphere, as in the case of e-fuel, solar-fuel, and
e-biofuel, or from biological feedstock for e-biofuel and biofuel production
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Fig. 2. The usage and chemical process of sustainable fuel production.

pathways. The prefix ‘e’ signifies electricity, for electrochemical COy
reduction purposes, from sustainable sources such as wind, solar, or
nuclear power. Furthermore, the solar-fuel production pathway consid-
ered in this study uses sunlight to activate the photocatalyst for the
conversion process. On the other hand, the biofuel production pathway
employs a conventional anaerobic digestion (AD) process, which entails
a biological breakdown of organic material by bacteria. Finally, the
novel e-biofuel production pathway integrates the conventional biofuel
and e-fuel production pathways. For a detailed description of these
production pathways, the reader is referred to [50,51], and [52].

Note that four ALCF production pathways are considered based on
expert consultation. They agreed that the evaluation should focus on
innovative and emerging fuel production technologies. Furthermore, the
limitation was motivated by the simplicity and feasibility of the expert
preference data elicitation process. For example, say 10 ALCF produc-
tion pathways on the social dimension (e.g., contribution to economy;
public acceptance; job creation) would require 136 pairwise compari-
sons® to be performed by each expert. This carries a risk that experts
might not be able to perform these comparisons in a reliable and
meaningful way.

One of the key issues in assessing emerging technologies is to use
performance criteria and measurements with credibility among different
stakeholders. Therefore, we conducted an in-depth review of the liter-
ature and initially identified a total of 38 evaluation criteria under the
technical, economic, environmental, and social dimensions. Next, we
narrowed the initial set of criteria to 13 by considering data availability
and relevance to our study. Finally, an expert workshop was organised

SMm-m-=1)/2] +[n-m- (m — 1)/2], n = number of criteria and m is
number of alternatives.

Table 1
Sustainable fuel production options considered for ranking assessment.
Production Feedstock Product Chemical process Reference
pathway
e-fuel CO, and Methanol Electrochemical [50]
water reduction
solar-fuel CO, and Methanol Photo-catalytic [51,53]
water reduction
biofuel Biomass Methane Anaerobic digestion [52]
(AD)
e-biofuel CO,, water, Methanol  AD + [18]
and Biomass Electrochemical
reduction

to validate the criteria and their measures. Table 2 reports a detailed
description and references, whether it is a cost (i.e., to be minimised, the
smaller the better) or a benefit (i.e., to be maximised, the larger the
better) criterion.

2.2. Data and preference gathering

The first part of this process involves collecting stakeholders’ pref-
erences and weights on all measures of the criteria. The second part
gathers technology-specific data on the measures of the final set of
performance criteria.

2.2.1. Stakeholder preferences and weights
To extract experts’ preferences on different criteria, we prepared a
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Table 2

A comprehensive multidimensional evaluation criteria framework.

Dimensions

Criteria

Cost
VS.
Benefit

Description

Reference

Technical

Economic

Environmental

Social

Technology
maturity (C1)

Energetic
content (C2)

Process
efficiency
(€3

Fuel
production
system
complexity
(C4

Operational
cost (C5)

Investment
cost (C6)

Market
maturity (C7)

Net water use
(C8)

Carbon
footprint (C9)

Land use
change (C10)

Contribution
to economy
(C11)

Benefit

Benefit

Benefit

Cost

Cost

Cost

Benefit

Cost

Cost

Cost

Benefit

This measures the
technological
maturity of the
process pathway
based upon
technology
readiness level
(TRL 1-9), where
TRL 9 represents a
mature technology.
This refers to the
energy intensity
level of an e-fuel,
measured by MJ/
kg.

This refers to the
overall conversion
efficiency %
(conversion plus/
minus refining),
the higher level the
better.

This refers to the
level of fuel
production system
complexity, the
lower level the
better.

This measures the
cost of fuel
production and
plant maintenance
for a particular
pathway.

This refers to the
capital required in
setting up a
commercial level
production facility.
The market
availability,
commercial
competitiveness
and compatibility
with the existent
economic system
leading to
financing
opportunities.
This measures the
quantity of
freshwater
required.

This measures the
life cycle carbon
emission from a
sustainable fuel
production
pathway option.
This refers to both
direct and indirect
land use change
due to the
introduction of
sustainable fuel
production.

This refers to the
wealth creation
from activities such
as new enterprise
establishments,

[54]

[55,56]

Expert
panel,
[20]

[24,58]

Expert
panel,
[59]

[60,61]

[62]

[8,63]

[15,62]
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Table 2 (continued)

Dimensions Criteria Cost Description Reference
vS.
Benefit
industrial districts
etc.
Public Benefit The publics’ views [64]
acceptability and opinions
(C12) regarding specific

e-fuel production
technology.

This criterion
measures the
extent to which
new jobs can be
generated by the
commissioning of
specific sustainable
production
technology.

Job creation Benefit

(C13)

questionnaire and distributed it through the EPSRC Supergen Bioenergy
Hub”. This approach allowed us to reach a wider range of stakeholders
(e.g., academia, industry, government, and societal stakeholders) to
gauge their views and opinions on the relative importance of criteria for
driving the UK’s development of sustainable low carbon fuel production.
A total of 22 experts responded to our survey. We then opt for an AHP to
generate the relative importance of each criterion and sub-criteria. AHP
was used because it provides comprehensive and logically consistent
criteria weights for the evaluation framework.

2.2.2. Choice of a system for rating low carbon fuel production pathways

We need to establish the evaluation criterion system and collect
evaluation information. The ratings of the competing sustainable fuel
production pathways against each criterion were obtained from a
combination of empirical computations and expert opinions by applying
a simple rating system.

Regarding the environmental impact category, the functional unit
(FU) is 19.9 MJ of fuel produced (corresponding to 1 kg of methanol
based on the lower heating value) and the life cycle inventories for each
pathway are derived from the literature [28,66-68]. The processes are
assumed to be located in the UK, and the main source of biomass is
assumed to be wood chips. ReCiPe2016 [69] is the impact assessment
methodology applied in this work, and the comparison is based on three
midpoint indicators’: global warming potential (kg CO2-eq), water
consumption (mswater), and land use (mZa). For the multi-product
processes, system expansion via substitution® was adopted to solve the
multifunctionality, as recommended by von der Assen et al. [70] The
environmental assessment is conducted in Simapro (version 9.1.1.1),
using ecoinvent 3.6 for the background process inventories. In partic-
ular, the electricity UK grid mix in ecoinvent 3.6 refers to 2016, as re-
ported in the International Energy Agency (IEA) World Energy Balance
report [71], while wood chip production is representative of the average
European production, as more regionalised data were not available.

Note that not all measures can be quantified straightforwardly (e.g.,
technology maturity, public acceptability). Hence, we opt for an in-
depth interview with five experts in the field to collect data and trans-
form it into discrete measures for all criteria. We use a numeric scale of 1

4 https://hwsml.eu.qualtrics.com/jfe/form/SV_7PQKgUWrex7eTOF.

5 Note that ReCiPe2016 provides midpoint indicators, which quantify the
effects of resource utilisation and emissions on a specific environmental cate-
gory (e.g., global warming), and endpoint indicators, which represent the three
areas of protection: human health, ecosystems quality, and resources.

6 When system expansion via substitution is considered, a process receives
environmental credits for the by-products that are produced along with the
main product.
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to 97 to enable experts to communicate their ratings for each pathway
and criterion combination. In addition, for each measure, we also obtain
the level of optimistic support and pessimistic support towards the score
they have provided. The reader is referred to Appendix A Tables A.2 and
A.3 for the full dataset.

3. Methodology

In this section, we introduce the q-rung orthopair linguistic partition
Bonferroni mean operator. Note that the g-rung orthopair linguistic set
handles experts’ rating information and corresponding confidence level.
The experts’ rating value is represented by the linguistic term, and the
confidence level is made up of the optimistic support degree and
pessimistic support degree that experts place on their evaluation, cor-
responding to the membership degree and non-membership degree in g-
ROFS. We leverage attribute partition theory to process data with
multiple aspects and the Bonferroni mean operator to examine the
mutual influence relationship among different impact dimensions to
rank order alternatives.

3.1. Preliminaries

Definition 1. [40]. Let L = {ly|0 = 0, ..., 2t}be a linguistic term set with
odd cardinality, and let t be a positive whole number. syis a possible value for
a linguistic variable. The linguistic term is regarded as follows:

L={so = worst, s; = very bad, sy = bad, s3 = relatively bad, s4 = not
bad, ss; = medium, s = not good, s; = relatively good, sg = good, sg =
very good, s1o = best}.

The linguistic term sets have the following properties:

i. If i > j, then max{l; L} =1;
ii. If i > j, then min{l;, I;} = 1;;
iii. If i >, I; > lj.

Definition 2.
sented as:

[36]. Let X be a fixed set; a g-ROFS A on X can be repre-

A = {{x py (6), va (%), 4 (x) ) ¥ € X } )

whereyu,:X — [0,1] denotes the degree of membership andu,: X —
[0,1] denotes the degree of nonmembership of element x € X to set A,
respectively, with the condition thatO<(ud (x) +vi(x))<1, (¢g=1). The
degree of indeterminacy is given asma(x) = (1 — uj(x) —vi(x) )%; for
convenience, we call (s, (x),va(x) ) a q-rung orthopair fuzzy number (q-
ROFN) denoted byA = (u,,va).

The evaluation information of the sub-criteria in this paper is
composed of a linguistic term set and its positive support degree and
negative support degree, and the sum of positive and negative support
degrees is greater than 1. The traditional intuitionistic fuzzy set has
difficulty dealing with such complex evaluation information. Therefore,
the q-ROLS is introduced to characterise the index evaluation informa-
tion in this study. The details are as follows:

Definition 3.
sented as:

[41]. Let X be a fixed set; a ¢-ROLS A on X can be repre-

A= {x, (low, (s (x), a (), ma (x) ) )lx € X } &)

where Iy, is the linguistic term set,u,:X — [0,1] denotes the support
degree of membership, and v4 X — [0,1] denotes the support degree of

7 We consider 1 as “very bad”; 3 is rated as “being bad”; 5 is “fair”; 7 is
“good”; and 9 is “excellent”.
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non-membership of the element x € X to the set A, respectively, with the
condition thatO< (uf (x) + v (x) )<1,(g>1). The degree of indeterminacy
is given asma(x) = (1 — pf (x) — vi(x) )%; for convenience, we call (lyy),
(%), va(x)) ) @ G-ROLN denoted byA = (. (15, v4) ).

Definition 4. [41]. Leta; = (lp1, (4, 21) ) and as = (lgo, (45, v2) ) be two
q-ROLNSs, and let 2 be a non-negative real number; then:

1

: — q q q,,9
L.ag +ax = (lg]+927 ((ul +u2 — uluz)",vlvz) )

ii. ag x ap = (l@lxgz, <u1u27 (i +vE 7v‘11vg)%) )
i, Ag = <zm, ((1 _@ _ug)ﬂ)ivq))

1
iv. @b = (zw, (ug,(1 _a fvg)‘)“»

Definition 5. [41]. Let a = (ly, (uq,va)) be a q-ROLN; then, the score
function of a is defined asS(a) = ly x (uq —vq+1), and the accuracy
function of a is defined asH(a) = ly x (uq + Vq). For any two g-ROLNs a; =
(lo1, (u1,v1) ) andaz = (lyz, (5, v2) ), we have the following scenarios:

1) IfS(a;))S(az), thena; > ap;
2) IfS(a1) = S(az), we compare the H(a;)andH(az): H(ai))H(az),
thena; > ay, while if H(a;) = H(az), thena; = as.

To investigate the potential interrelation among evaluation in-
dicators, we introduce the Bonferroni mean (BM) operator to capture
this interaction relationship instead of the traditional weighted average
operator, which ignores correlations among indicators.

Definition 6. [72]. Lett > 0, and let ax(k = 1,2, ...,m) be a collection of
non-negative real numbers; then, the BM aggregation function is expressed as
follows:

| m
BM*(ay, az, ..., an) = mim —1) Z aja; 3)
ij=1
i#j

3.2. The g-rung orthopair linguistic weighted Bonferroni mean operator

This paper combines the Bonferroni mean operator and q-rung
orthopair linguistic set to present the g-rung orthopair linguistic
weighted Bonferroni mean (q-ROLWBM) operator. Thus, criteria under
a single dimension are aggregated to obtain scores and rankings of
different dimensions of each scheme.

Definition 7. Suppose ax = (Lo, (Uux, vi))(k = 1,2, ...,m) is a collection of
g-ROLNs, and s, t > 0, q > 1; then, the g-ROLWBM operator can be defined
as:

1 < U3
sy Se) | o
ij=
i#]

q— ROLWBM®*'(ay,ay, ..., a,) =

Theorem 1. Suppose ax = (ux,vx)(k =1,2,...,m) is a collection of q-
ROLNs, and s, t > 0, q > 1; then, the result aggregated from Definition 5 is
still a g-ROLN - see Appendix B for its specific form.
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3.3. The q-rung orthopair linguistic partitioned Bonferroni mean operator

Considering the multidimensional index system in this paper, which
is composed of four levels, we introduce attribute segmentation theory
to construct the partitioned Bonferroni mean operator as follows:

Definition 8. [73]. Foranyr,s > 0withr +s>0,and T = {a, az, ...,
am} withay>0(k = 1,2,...,m), which is partitioned into d distinct sortsP; P2,
.»Pg, whereUfl:1 Py, =T, the partitioned BM (PBM) aggregation operator of
dimension m is a mapping PBM:

i

1] & 1
PBM*! ey ) = = _ ! 5
(a17a27 a4 ) d ; \Ph|z |P,I‘,IZ“J ®

iePy JePy
i

v
&‘\|~
M&

q — ROLWPBM*'(ay,ay, ..., ay,

‘Ph‘z G

i€Py

l !t
‘ph — 1‘ ijaj

JE€PK

=
Il

7]

-2 2 e 2 () ()

ijePy

i

where |Py| denotes the cardinality of P, and d is the number of par-
titioned sorts.

We integrate the partitioned Bonferroni mean operator and the g-
ROFS to present the q-rung orthopair linguistic partitioned Bonferroni
mean operator as follows:

Definition 9. LetT = {ai,ay, ..., an } be a collection of g-ROLNs, which is
partitioned into d distinct sortsPy, Py, ..., Py, andUZ:1 P, = T. The q-
ROLPBM operator of dimension m is a mapping q-ROLPBM:

I

1<K 1
—ROLPBM®'(ay,ay,...,ap) == § _§ :a; _E:a{
4 (a2 d |Ph] &5 |Ph|*1,€P /
JELR

i#]

g
dz 1P, |P,,\71)Z“"“f
JEP
i#
(6)

where |Py| denotes the cardinality of P, and d is the number of par-
titioned sorts.

Theorem 2. Suppose ax = (ux,vx)(k =1,2,....m) is a collection of q-
ROLNs, and s,t > 0,q > 1; then, the result aggregated from Definition 7 is still
a q-ROLN. Its specific form and the proof are shown in Appendix B.
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3.4. The g-rung orthopair linguistic weighted partitioned Bonferroni mean
operator

To investigate the influence of index weight on information aggre-
gation and ranking results, based on Definition 7, we propose the g-rung
orthopair linguistic weighted partitioned Bonferroni mean operator as
follows:

Definition 10. Let T = {a1,ay, ..., an } be a collection of g-ROLNs, which
is partitioned into d distinct sortsPy P, ..., Py, and letUﬁ:1 P, =T, w; denote

the weight of each argumentua;, satisfying O<w;<1 and)_; ,w; = 1. For any
s,t>0ands +t> 0:

)

Theorem 3. Suppose ax = (ux,vk)(k =1,2,...,m) is a collection of g-
ROLNs, and s, t > 0, q > 1; then, the result aggregated from Definition 8 is
still a g-ROLN, and its specific form is shown in Appendix B.

On further examination, we find that Theorem 3 has the following
properties:

1) Idempotency:If ¢; = (u;,v;)(i=1,2, ...,
are the same as a for any i, then.

a,) =a ®)
n) be a q-ROLN set,

n) is a set of g-ROLNSs that

q— ROLWPBM (ay,a,, -+
2) Boundedness: Let a; = (u;,v;)(i=1,2,...,
anda- = min{a;},a” = max{q;}; then,
<isn <isn

a <q—ROLWPBM(a,,a, -, a,)<a* )

3) Monotonicity: Let (a;,as,--,a,) and (by,b,,---,b,) be two q-
ROLN sets,a; = (Uq,,Vq,), andb; = (up,, Vi, ). ForVi, ifu, <uy,,vq>Vy,, then.

g— ROLWPBM (a,,ay, -+, a,)<q — ROLWPBM (b, by, -+, b,) (10)

Hence, the validity of the above three properties indicates that the g-
ROLWPBM operator proposed in this paper is effective.

In summary, our approach’s theoretical foundation relating to q-
ROLWPBM is provided in detail in Section 2.3. The proposed approach
can be summarised in the following key steps:

Step 1: Normalise the original criteria as follows [74]:

a; = { <<19(,~, (ttay Vay)),

lzz—ew (Va,/ 5 ”n,/)>7
Step 2: Apply our proposed aggregation method to obtain the
comprehensive evaluation value:
1. Use the g-rung orthopair linguistic set to represent the rating

if the criterion a; is
if the criterion a; is

benefit type

cost type an
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Table 3
Global weights of criteria.
Dimension Criteria Weights
Local Global
weight weight
Technology Technology maturity 0.265 0.050
(0.19) Energetic content 0.195 0.037
Process efficiency 0.345 0.066
Fuel production system 0.195 0.037
complexity
Economic Investment cost 0.400 0.090
(0.226) Operational cost 0.331 0.075
Market maturity 0.269 0.061
Social Contribution to economy 0.352 0.096
(0.271) Public acceptability 0.330 0.090
Job creation 0.317 0.086
Environmental  Land use change 0.327 0.102
(0.313) Net water use 0.358 0.112
Carbon footprint 0.315 0.098
Table 4

Production pathway mono-criterion ranking.

Dimension/Criteria e- Solar- Biofuel e-
fuel fuel biofuel
Technical
Technology maturity 2 3 1 3
Energetic content 2 2 1 2
Process efficiency 3 4 1 1
Fuel production system complexity 2 4 1 2
Economic
Operational cost 3 1 1 4
Investment cost 3 3 1 2
Market maturity 2 3 1 4
Environmental
Net water use 3 2 4 1
Carbon footprint 3 2 4 1
Land use change 1 3 4 2
Social
Contribution to economy 1 4 2 3
Public acceptability 1 2 4 3
Job creation 4 2 1 3

Notes: 1 is ranked the best, while 4 is ranked the worst.

evaluation information and its Optimistic degree and Pessimistic degree by
an expert for each criterion.

2. Use the Bonferroni mean operator to investigate the interrela-
tionship among different dimensions (i.e., technical, economic, environ-
mental, and social).

3. Apply the attribute partition theory to deal with the multi-level
data structure.

4. The -ROLWBM operator in Definition 7 is used to aggregate the
sub-criteria under a single dimension to obtain scores and rank the
different dimensions of each scheme.

5. The g-ROLWPBM operator in Definition 10 is used to aggregate all
indices.

Step 3: Compute the scores of each alternative based on the
comprehensive evaluation value using Definition 5.

Step 4: Rank the alternative based on the scores.

4. Empirical results and discussions

In this section, we first report and examine performance weights
obtained from the experts followed by a mono-criterion ranking of the
production pathways. Next, we discuss the dimensional rankings.
Finally, we present the global rankings of these pathways.
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4.1. Performance criteria weights

Based on our online survey, we obtain experts’ preferences as
expressed by the relative importance assigned to each criterion. Table 3
shows that the environmental and social dimensions are the most
important, with relative weights of 31 % and 27 %, respectively. With a
relative weight of 23 %, the economic dimension is ranked third, while
the technical dimension with a relative weight of 19 % is ranked last.
Within each impact dimension, local weights define the importance of a
single criterion. Under the environmental dimension, net water use is
rated higher (35.8 %) than the land use change (32.7 %) and the carbon
footprint (31.5 %). Within the social dimension, contribution to economy
(35.2 %), public acceptability (33 %), and job creation (31.7 %) were all
considered important. Similarly, investment cost has the highest impor-
tance (40.0 %) over operational costs (33 %) and market maturity (26.9 %)
within the economic dimension. Finally, process efficiency (34.5 %) is
desired over technology maturity (26.5 %), while fuel production system
complexity and energetic content receive the least preference (19.5 %
each) within the technical dimension. In addition, for each criterion, we
calculate the global weights using the product of each criterion’s local
weight and its respective dimension’s relative weight — see Table 3 for
details.

The global criteria ranking analysis reveals that net water use has the
highest importance (11.2 %), followed by land use change (10.2 %) and
carbon footprint (9.8 %). It is worth noting here that the top three global
criteria are from the environmental dimension. This importance ranking
by experts is plausible, as sustainable low carbon fuels are considered an
environmentally friendly option for the transportation sector. Further-
more, contribution to economy with a global weight of 9.6 % is the most
important criterion from the social dimension. Likewise, investment cost
and process efficiency are considered the most important from the
economic and technical dimensions, with global criterion weights of 9.0
% and 6.6 %, respectively.

4.2. Mono-criterion ranking

Although our primary goal is to estimate performance against mul-
tiple criteria, it is useful to have a good understanding of whether a
production pathway performs well on a specific aspect. Table 4 shows
the unidimensional rankings based on each of the measures, where
competing production pathways are ranked from the best (1, in bold) to
the worst.

In the technical dimension, process efficiency (0.345) is considered
the most important criterion, and we find biofuel and our proposed e-
biofuel to be equally ranked the best. This could be due to the similarities
in the underlying conversion process (anaerobic digestion) for both
biofuel and e-biofuel production pathways. AD is a mature technology
optimised over decades of R&D and commercial applications. Likewise,
e-biofuel is ranked higher than e-fuel and solar-fuel because it couples two
electrochemical processes together [18], thereby minimising energy loss
and achieving a higher process efficiency. The solar-fuel production
pathway is ranked as one of the worst production pathways concerning
the technical aspect. The main reason for this low ranking is that solar-
driven CO, reduction has yet to be optimised both in reactor design
[51,75] and choice of catalyst [76]. Consequently, this production
pathway is the least favourable among the experts.

It is well known that fuel production is a capital-intensive venture,
while securing finance is one of the major hurdles [59]. Mono-criterion
analysis suggests that the biofuel production pathway is ranked the best,
followed by e-biofuel, in terms of requiring investment cost, whereas e-fuel
and solar-fuel are equally ranked as the least attractive options. It is
noted that e-fuel and solar-fuel rely on carbon capture and storage and
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Note: The line in the middle of the box is the median, and the dot is the sample value.

Fig. 3. Dimensional evaluation of production pathways.

direct air capture of CO2, which at the moment are expensive technol-
ogies [77]. By corollary, the same can also be said for the e-biofuel
production pathway.

Moving on to the environmental evaluation dimension, the minimal
amount of water used can be achieved by e-biofuel, while the biofuel
production pathway consumed the highest amount of water. Note that
the lesser water use can be attributed to additional CO2 being used as a
feedstock and therefore the e-biofuel production pathway obtains a
higher ranking from the panel of experts. Likewise, the biofuel produc-
tion pathway is also ranked last under the carbon footprint and land use
criteria. This is not surprising given that biomass cultivation directly
impacts the conversion of forestland to cropland and indirectly changes
land use from food to fuel-crop cultivation [63]. Biomass production,
harvesting, treatment, and transportation are all energy-intensive pro-
cesses resulting in high carbon emissions [20].

Finally, in the social dimension, contribution to the economy is
considered the most important criterion. Our results reveal that e-fuel is
ranked the best, while solar-fuel is regarded as the worst production
pathway. For this criterion, we can attribute expert panel propensity to a
more established chemical process for fuel production compared to the
novel idea of using a photocatalytic conversion process [78].

In summary, based on unidimensional rankings, we find that no
production pathway consistently outperformed others for all criteria.
For instance, despite the biofuel production option offering the best
technical maturity, it also ranked the worst for carbon footprint and public
acceptability. Furthermore, we also find ties for some criteria given that

some pathways share parallel technical and investment environments.
Hence, decision-makers may face a challenge in making an informed
decision regarding the best production pathway while considering all
criteria simultaneously. To improve alternative ranking performance,
we incorporate data uncertainty and consider simultaneous multiple
criteria evaluations. Note that these rankings do not reflect the potential
uncertainties within the dataset.

4.3. Production pathway multi-criteria ranking

Before we dive into the global multi-criteria ranking, we first analyse
and discuss each ALCF pathway performance based on the technical,
economic, social, and environmental impact categories. By applying the
q-ROLWPBM (Definition 7), we incorporate the performance data/rat-
ing and potential uncertainties within the dataset (i.e., membership and
non-membership) for each criterion. Fig. 3 summarises the categorical
rankings after computing dimension-level scores for each production
pathway alternative.

The score function of production pathways’ technical dimension is
presented in the top left panel of Fig. 3. The results reveal that biofuel is
ranked the best alternative, followed by e-fuel, while e-biofuel and solar-
fuel are the lowest ranked pathways. The biofuel production pathway is
based on an anaerobic digestion process, which is a technically mature
process [79], in comparison to the solar-fuel process, which is still
developing [80].

Recall that an economic evaluation represents the commercial
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Fig. 4. The score distribution of four competing production pathways.

Table 5

The global scores of each production pathway.
Alternatives Optimistic Pessimistic Linguistic Final Ranking

(ua) (Va) Term () Score

e-fuel 0.9307 0.9536 0.301 0.2944 1
solar-fuel 0.9133 0.9503 0.258 0.2481 4
biofuel 0.9192 0.9615 0.260 0.249 3
e-biofuel 0.9160 0.9616 0.280 0.2671 2

Notes: The final score for each production pathway is computed by using the
score function in Definition 5: S(a) = Iy x (uq —vq +1).

0.300 0.2944
0.290
0.280
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0.260
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0.240

0.230

0.220

e-fuel

solar-fuel biofuel e-biofuel

Fig. 5. Production pathway global ranking.

viability and uptake of drop-in fuel produced from the considered
pathways. We find that biofuel is the most preferred production pathway
with respect to the economic dimension over the other three options,
namely, e-biofuel, solar-fuel, and e-fuel. This ranking comes as no sur-
prise, as the market familiarity and availability of commercial-level
biofuel production facilities play a crucial role in making this pathway
an economically attractive option. Although the e-biofuel pathway has a
similar conversion process (electrochemical reduction) as well as
closeness in the feedstock (CO, and water), the additional anaerobic
digestion process and biomass feedstock requirement make e-biofuel a
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Fig. 7. Production pathway ranking based on sensitivity analysis 2: q = 2 &
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less economically attractive option. Furthermore, on the economic
dimension, our analysis is consistent with the International Renewable
Energy Agency (IRENA) claim that biobased production pathways are
less expensive than electricity-dependent pathways, such as e-fuels [81].
In particular, the technical complications involving electricity produc-
tion and feedstock (CO2 and water) availability make these pathways a
more expensive option [58,80].

For the environmental dimension, the bottom left figure in Fig. 3
shows the ranking of four competing production pathways. The e-biofuel
pathway performs the best, followed by solar-fuel and e-fuel, by utilising
captured CO,, while biofuel is found to be the worst-performing
pathway. The inclinations towards the top three production pathways
can be attributed to low land use change, as they do not require any
fertile land for feedstock and they also provide a quick carbon recycling
potential [80]. Likewise, it seems that the expert panel held the biomass-
based production pathway, biofuel, as more detrimental to the envi-
ronment than others. It has been established that the cultivation,
transportation, and conversion of biomass to final fuel contribute sub-
stantially to carbon emissions [82], and this is reflected in expert
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Table 6
The influence of criterion weight on ranking results.
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Weight vector Score

Ranking

w=(0.7,0.1,0.1,0.1)
w=(0.1,0.7,0.1,0.1)
w=(0.1,0.1,0.7,0.1)
w=(0.1,0.1,0.1,0.7)

S(e-fuel) = 0.255, S(solar-fuel) = 0.166, S(biofuel) = 0.29, S(e-biofuel) = 0.221
S(e-fuel) = 0.215, S(solar-fuel) = 0.213, S(biofuel) = 0.342,S(e-biofuel) = 0.192
S(e-fuel) = 0.323, S(solar-fuel) = 0.305, S(biofuel) = 0.149,S(e-biofuel) = 0.365
S(e-fuel) = 0.321, S(solar-fuel) = 0.232, S(biofuel) = 0.27,S(e-biofuel) = 0.205

biofuel > e-fuel > e-biofuel > solar-fuel
biofuel > e-fuel > solar-fuel > e-biofuel
e-biofuel > e-fuel > solar-fuel > biofuel
e-fuel > biofuel > solar-fuel > e-biofuel
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Fig. 8. Information representation space of the IFS and q-ROFS.

evaluations.

Finally, the social dimension represents the public welfare to be
attained using different ALCF production pathways. The ranking is
presented in the bottom right panel of Fig. 3. We find that e-fuel using
CO, and water as feedstock dominates other pathways on the social
dimension. This inclination of expert panels can be attributed to their
aspirations with this pathway. With advancements in carbon capture
and direct air capture technologies, they anticipate new ventures being
developed that can significantly contribute to the economy and create
new jobs. The biofuel pathway is the second-best ranked production
pathway. This is understandable as the biomass supply chain and the
market are well established and accepted by the public [83]. Of
particular importance is the e-biofuel pathway, which combines both the
e-fuel and biofuel chemical processes and feedstock but fails to establish
itself as a preferred ALCF production pathway in the social dimension.

Further analysis reveals that there are significant differences and
conflicts in the scores for different ALCF production pathways when
weighed individually against each evaluation dimension. This investi-
gation is shown in Fig. 4, where the boxplots exhibit each ALCF pro-
duction pathway score distribution.

The e-fuel scores for the evaluation dimensions are very scattered,
with the highest score for the social dimension and the lowest score for
the economic dimension. It can be inferred that e-fuel has a great social
influence but is the least preferred due to its high economic cost. The
degree of score dispersion of biofuel is comparable to that of e-fuel. Here,
as before, the social dimension supersedes other environmental

concerns at the lowest. This shows that biofuel has a high social repu-
tation, but its environmental implications are not fully comprehended.
This will make it difficult for biofuel to become a popular solution in the
market when countries are trying to achieve carbon neutrality. By
comparison, the scores of the four dimensions of solar fuel and e-biofuel
are relatively concentrated, but their scores are all at a low level.

This analysis further highlights the decision-makers’ choice dilemma
in identifying the best (or rank order) ACLF production pathway inte-
grating all criteria. Therefore, it is necessary to further synthesize the
scores of each criterion dimension to obtain a comprehensive decision
result.

4.4. Production pathway global ranking

To overcome the decision-maker choice dilemma identified in the
previous section, for each alternative, we apply our proposed g-
ROLWPBM operator in Definition 10 to aggregate all evaluation infor-
mation. To incorporate the sum of optimistic membership degree (u,)
and pessimistic (v4) non-membership degree less than 1 and to comply
with the operation rules, as stipulated in Definition 4, we set the
parameter q = 3. Meanwhile, for definiteness and without loss of gen-
erality [84], we set the criteria correlation parameters s =t = 1 to as-
sume the relationship intensity of the criteria is equal. As such, the
degree of pessimism corresponds to the membership degree in q-ROFS,
the degree of optimism corresponds to the nonmembership degree, and
the linguistic term value is the parameter [, in Definition 3. Finally,
according to the score function in Definition 5, we obtain the final score
of each candidate scheme, as shown in Table 5 and Fig. 5.

The final scores suggest e-fuel to be the best alternative, followed by
e-biofuel, with scores of 0.2944 and 0.2671, respectively. According to
our proposed MCDM method, the two least attractive options of sus-
tainable fuel production are biofuel with a score of 0.2490 and solar fuel
with a score of 0.2481.

The top two ALCF production pathways show that there is agreement
among the experts regarding sustainable fuel production technology.
The e-fuel and e-biofuel pathways both use electrochemical reduction.
This finding contradicts the literature, which places the electrochemical
process in development and thus underperforms [50]. It was expected
that the second-best production pathway, e-biofuel, would be higher in
ranking due to its underlying process of combining AD and electro-
chemical reduction; however, this is found not to be the case. One
possible explanation could be the uncertainty in the possibility of inte-
gration of technologies, while another could be a lack of industrial-level

Table 7
Proposed q-ROLWPBM approach comparison with other methods.
Method Whether complex decision Whether the relationship Whether it reflects the independence of Ranking
information can be represented between indicators is examined indicators in different dimensions
The MCDM method based onthe ~ No No No /
IFS [88]
The MCDM method based onthe  No yes No /
complex IFS [89]
The MCDM method based on the ~ Yes No No Biofuels > e-fuel > Solar
q-ROLWA operator [90] fuels > e-bio-fuels
The MCDM method based onthe ~ Yes No No Biofuels > e-fuel > Solar
q-ROLWG operator [90] fuels > e-bio-fuels
The proposed method- g- Yes Yes Yes Biofuels > e-fuel > Solar

ROLWPBM

fuels > e-bio-fuels

11
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Table Al

Initial List of Criteria.
Technical Economic Environmental Social
Technology Capital cost/ CO2 emission Contribution to

maturity investment cost economy
Energetic content Feedstock Exhaust emission Public
transportation and acceptability

Cost of e-fuel
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which suggests that novel technology is an impediment to upscaling
sustainable fuel production (see Neuling and Kaltschmitt [85]).
Regarding feedstock, our analysis reveals that direct conversion of
CO4, to sustainable drop-in fuel (using the e-fuel pathway) is deemed the
best option. This preference indicates that experts perceive capturing
CO3, to be more beneficial than using biomass (biofuel and/or e-biofuel).
The availability of CO; from the electricity, cement, chemical, and steel
industries can be ensured [86]. CO is a harmful by-product from these
industries that needs to be handled amicably. Biomass, on the other

impact compatible X X R X
vehicle hand, comes in many types and forms (manure, biosolids, agricultural or
Process Scalability =~ Minimum selling Consumptive Job creation forestry waste). Each type of biomass requires its own handling re-
price Water use/net quirements before the conversion process [8,87]. Furthermore, biomass
water use . . . .
requires extensive establishment of supply chains [81] as opposed to
Feedstock Feedstock cost Soil and water Availability of e- a . h ite f h pPply 1 [ ] PP .
availability pollution fuel compatible tapping the CO» on site for the e-fuel, solar-fuel, and e-biofuel production
vehicles pathways. This simplifies the operations and improves the production
Process yield Availability of Energy use economics.
production
incentives . .
Fuel Infrastructure Traceability 5. Sensitivity analysis
transportation &  development
storage Subsidies In this section, we carry out a battery of sensitivity analyses to
Combustion Market maturity Carbon footprint ascertain the robustness of our findings on ALCF production pathway
Efficiency . Lo .
Freezing ranking. To be more specific, we executed three main approaches: 1)
temperature vary our models’ initial parameters; 2) change the criteria weights; and
Flash temperature 3) use four alternative MCDM methods.
Density
Viscosity
Feedstock quality 5.1. Initial parameter experiments
Fuel production
system - .
complexity To check the reliability of our empirical results, we perform several
Compatibility robustness analyses by varying our three key initial parameters in our
with current fuel proposed method: q (information parameter), s, and t (criteria correla-
refineries tion parameters).
Technology . PP .. . .
maturity Flrst,. the sensitivity analysis 1§ pe.rformed .by alteru.lg q l;y replacing
Energetic content q = 2 with 3, 5, 10 & 15 and validating the final rankings.” Recall that
Process efficiency the parameter q represents the complexity of the information environ-
ment such that the larger q is, the more complex the information envi-
Table A2
Initial information matrix.
Sub-Criteria Cost/Benefit e-fuel-CO2 Solarfuels-CO2 Biofuels-Biomass ebiofuels-CO2-Biomass
Technical Technology maturity (C1) Benefit TRL 4 TRL 2 TRL 7 TRL 2
Energetic content (C2) Benefit 15.9 MJ/kg 15.9 MJ/kg 0.038 MJ/L 15.9 MJ/kg
Process efficiency (C3) Benefit c.a. 50 % less than5 % c.a. 60 % c.a. 60 %
Fuel production system complexity (C4) Cost 5 (Fair) 7 (Bad) 3 (Good) 5 (Fair)
Economic Operational cost Cost 7 (Bad) 3 (Good) 3 (Good) 8 (Very Bad)
(Cs)
Investment cost (C6) Cost 8 (Very Bad) 8 (Very Bad) 3 (Good) 5 (Fair)
Market maturity (C7) Benefit 5 (Fair) 3 (Bad) 8 (Very Good) 2 (Very Bad)
Environmental Net water use (C8) Cost 0.0121 —0.0018 0.0140 0.0126
Carbon footprint (C9) Cost —0.6494 —0.9808 0.1788 —1.0311
Land use change (C10) Cost -0.1779 —0.0646 —0.0022 0.0088
Social Contribution to economy (C11) Benefit 9 (Very good) 2 (Very Bad) 5 (Fair) 3 (Bad)
Public acceptability (C12) Benefit 8 (Very Good) 5 (Fair) 2 (Very Bad) 3 (Bad)
Job creation (C13) Benefit 2 (Very Bad) 5 (Fair) 9 (Very good) 5 (Fair)

implementation [18]. The third ranked biofuel production pathway
suggests that AD can be a viable conversion process either as the main
conversion process (this pathway) or in combination (e-biofuel). Finally,
the solar-fuel pathway is the least preferred pathway, indicating the
shortcomings of the photocatalysis process. One possible reason for this
lack of interest by experts could be the intermittence in solar energy,
therefore making solar-fuel as a less feasible production pathway, as also
pointed out by Falter et al. [58]. Overall, the production pathway un-
derlying technology suggests that experts prefer novel technologies
(electrochemical reduction) but with caution (photocatalytic reduction)
and prefer to divert from conventional processes (AD). Thus, our find-
ings provide different perspectives compared to the general literature,
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ronment is. Fig. 6 reports the production pathway rankings by varying q.
We find that the rankings of all four production pathways did not change
by altering the complexity level. Therefore, our findings are robust and
tolerate any complexity of the information environment variations.

Next, we change the values of s and t to test the impact of the degree
of mutual influence among evaluation criteria on the ranking of
competing production pathways. Fig. 7 reports the results of the sensi-
tivity analysis by increasing the level of correlations.

When s = t = 2, the ranking order is e-fuel > e-biofuel > solar-fuel >

8 Note that here we fixed s=t =1 and only change the value of q.
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Table A3
Assessment information matrix.
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Sub-Criteria Cost/ e-fuel-CO2 Solarfuels-CO2 Biofuels-Biomass ebiofuels-CO2-Biomass
Benefit
Technical Technology maturity (0.050) Benefit 5{0.8, 0.3} 1{0.7,0.3} 7 {0.9,0.2} 1{0.7,0.4}
(0.19) Energetic content (0.037) Benefit 8 {0.9,0.2} 8 {0.7,0.1} 8 {0.9,0.1} 8 {0.7,0.4}
Process efficiency (0.066) Benefit 5{0.8,0.2} 2 {0.7,0.2} 7 {0.8,0.3} 7 {0.6,0.4}
Fuel production system complexity Cost 5{0.7,0.2} 7 {0.8,0.2} 3{0.8,0.2} 5{0.7,0.3}
(0.037)
Economics Capital cost/ investment cost (0.090) Cost 7 {0.7,0.3} 3{0.7,0.2} 3{0.8,0.2} 8{0.7,0.4}
(0.226) Production cost/operational cost Cost 8{0.9,0.2} 840.7,0.2} 34{0.8,0.3} 5{0.7,0.4}
(0.075)
Market maturity (0.061) Benefit 5{0.8,0.2} 3{0.7,0.2} 8 {0.8,0.3} 2{0.7,0.2}
Environmental (0.313) Net water use (0.112) Cost 4{0.8,0.3} 2{0.75,0.2} 7{0.95,0.05} 4{0.85,0.1}
Carbon footprint (0.099) Cost 5{0.8,0.2} 3{0.8,0.3} 9{0.9,0.1} 1{0.8,0.3}
Land use change (0.102) Cost 1{0.8,0.2} 5{0.7,0.3} 7{0.95,0.05} 3{0.7,0.3}
Social Contribution to economy (0.096) Benefit 8{0.8,0.2} 2{0.7,0.3} 5{0.8,0.2} 3{0.7,0.3}
(0.271) Public acceptability (0.090) Benefit 8 {0.9,0.1} 5{0.8,0.05} 2{0.8,0.3} 3{0.8,0.3}
Job Creation Benefit 2 {0.8,0.2} 5{0.8,0.2} 8 {0.8,0.2} 3{0.7,0.2}
(0.086)
biofuel, while with s = t = 5, the ranking order is e-fuel > biofuel > e- further development of policy and/or regulations in promoting ALCF

biofuel > solar-fuel, and when s = 8, t = 3, the sequencing results also
have corresponding changes as biofuel > e-fuel > solar-fuel > e-biofuel.
Therefore, we can infer that the changes in parameters s and t can
significantly affect the ranking results of the four production pathways.
Our results show that the greater the mutual influence between criteria
is, the more significant the change in the sorting results of the four
production pathways. Although the idea of attribute segmentation is
used to maximise the mutual independence of criteria in different di-
mensions, the mutual relations between criteria in the same dimension
will still affect the ranking results.

5.2. Stakeholder preference scenarios

Each stakeholder involved in the ALCF sector has personalised
preference characteristics for different ALCF production pathways. The
weights represent the decision-maker’s preferences for each evaluation
dimension when selecting ALCF production pathways. Therefore, we set
different weight vectors to incorporate different types of stakeholder
preferences. Table 6 summarises the multi-criteria rankings with
different weighting schema.

First, we analyse our findings from technology-inclined decision-
makers with a weighting scheme of w = (0.7,0.1,0.1,0.1) corresponding
to the technical, economic, social, and environmental dimensions. The
first row of Table 6 provides the ranking with this weight vector. We find
that biofuel is seen to be the optimal choice, while solar-fuel is the least
preferred choice, with decision-makers preferring technology maturity
and production efficiency significantly over economic, social, and
environmental impacts. Second, we consider another scenario for
commercially motivated stakeholders (e.g., businesses) that emphasise
economic factors over the remaining aspects aiming to select the most
economically viable pathway. Using a weight vector w=
(0.1,0.7,0.1,0.1), we find that biofuel is the most preferred, while e-bio-
fuel is the least desirable option. Similarly, for a socially motivated
decision-maker, we assume a weight vector of w = (0.1,0.1,0.7,0.1), in
which social factors become the principal decision variables. Under this
preference, the optimal production pathway was determined to be e-
biofuel. Finally, when the preference is highlighted for environmentally
motivated factors with a weight vector of w = (0.1,0.1,0.7,0.1), the e-
fuel becomes the optimal selection, while e-biofuel is ranked the lowest.

Our findings are useful in providing guidance for a tailored selection
of ALCF production pathway selection as well as communication for any
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uptake.

5.3. Comparative analysis

Next, we compare our proposed method with four classical MCDM
methods based on intuitionistic fuzzy sets (IFS) [88,89] and q-ROFS
[90]. Note that the IFS-based MCDM method can only depict the eval-
uation information with the sum of membership degree (MD) and non-
membership degree (NMD) less than or equal to 1 [91], as shown in
Fig. 8. Therefore, this class of methods cannot conduct the decision
problems under the complex decision information with the sum of MD
and NMD being greater than 1. In contrast, the g-ROFS proposed by [36]
can handle more complex decision information than IFS, as it has a
wider representation space for evaluation information; that is, the g-
ROFS can address the complex evaluation information with the sum of
MD and NMD or their squares being greater than 1, as shown in Fig. 8.
Another key merit of q-ROFS-based MCDM methods lies in their flexi-
bility and ability to adapt to decisions under any information environ-
ment by changing parameter q [92,93]. For example, when q = 1, the g-
ROFS is reduced to the IFS, q = 2, and the q-ROFS can be converted to
the Pythagorean fuzzy set.

Since the basic theory of the MCDM method based on the -ROLWA
operator, the q-ROLWG operator [90], and the proposed method is g-
ROFS, these three methods all deal with complex decision information.
As shown in Table 7, the ranking results based on the g-ROLWA and gq-
ROLWG operators are biofuels > e-fuel > solar-fuels > e-biofuel, which
are consistent with the results by our method, but there are significant
differences between the proposed method and the methods based on the
q-ROLWA and q-ROLWG operators. The methods based on the g-
ROLWA and q-ROLWG operators [90] do not examine the correlation
between criteria. The correlation between criteria will have a significant
impact on the evaluation results. In this paper, the BM operator is
introduced to analyse the relationship between indicators, making the
evaluation results more consistent with the objective situation.
Furthermore, the findings show that when the -ROLWA and q-ROLWG
operators deal with the evaluation problem with a multi-hierarchy
structure criterion system, they do not regard criteria of different di-
mensions as independent of each other, which also affects the unreli-
ability of the results. In contrast, this study introduced the attribute
segmentation theory to examine the independent characteristics of
different dimensional criteria. Overall, the proposed method takes the
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multi-layer structure characteristics of the evaluation index system and
the mutual influence relationship among the indicators into account.
The evaluation process based on our method is more in line with reality,
and the corresponding evaluation results are more objective and
reasonable.

6. Conclusion

It has been scientifically established that on the path to limit the rise
in global temperature by curbing GHG emissions, particularly in the
transport sector, alternating low carbon fuels, such as methanol, can
play a central role. However, numerous ways to produce low carbon fuel
have presented a significant challenge in selecting a particular produc-
tion pathway to focus upon. Most studies rely on TEA or LCA or standard
MCDM models to assess the relative performances of competing pro-
duction pathways. There is a lack of multi-criteria decision-making
frameworks to evaluate ALCF production pathways that reflect data
uncertainty due to the early stage of technological readiness, in-
terrelationships among criteria, and stakeholders’ perspectives.

6.1. Theoretical contributions

Our study contributes to this line of research by leveraging experts’
participatory approach in developing a holistic evaluation framework
based on technical, economic, environmental, and social dimensions. A
hybrid AHP and q-ROLWPBM approach is presented for evaluating four
low-carbon drop-in fuel production pathways. The AHP is employed to
rate the selected evaluation criteria, while the g-ROLWPBM set handles
experts’ rating information and corresponding confidence level. This
arrangement approached the imprecision and uncertainty in experts’
evaluation and examined the mutual influence among different impact
dimensions to rank order the competing alternatives more accurately.
Furthermore, we performed sensitivity analysis to emphasise the
robustness of our approach’s generated rankings. Likewise, we
compared our approach with similar methods and obtain a ranking
similar to that of our approach. However, we argue that the proposed
approach is superior to other methods, as it can represent complex in-
formation, efficiently examine the relationship between indicators, and
reflect the independence of indicators in different dimensions (see
Table 7).

6.2. Practical contributions

The empirical results show that stakeholders perceive environmental
and economic issues to be more important than social and technical
issues. The emphasis on these two categories is credible, as drop-in fuels
are seen as environmentally friendly rather than conventional fossil-
derived fuels but are also relatively expensive to produce. Although
the least emphasis is given to the technical dimension, it shows confi-
dence in the scientific community to invent and enhance novel pro-
duction pathways. Furthermore, net water use, land use change, carbon
footprint, contribution to economy, investment cost, and public acceptability
are considered to be the most important factors when assessing drop-in
sustainable fuel production pathways. We also find that no one pro-
duction pathway dominates all 13 evaluation criteria based on the
mono-criterion rankings. However, by considering each impact category
alone in the mono-criterion ranking, we see a mix of results except for
biofuel. Unlike other pathways, biofuel consistently outranks other pro-
duction pathways against technical and economic dimensions.
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However, we advise caution on this finding, as biofuel seems not to be
the best option for the environmental and social impact categories. The
global ranking reveals that electrochemical reduction used in e-fuel and
e-biofuel pathways is the best conversion process, followed by AD and
the photocatalysis process used in biofuel and solar-fuel production
pathways, respectively. One of the main takeaways from this result is
that there should be a set of strong policies to increase renewable
electricity generation capacity to maximise ALCF production and its
overall benefits.

With regard to feedstock, the results reveal that captured CO, and
water are a better option than biomass alone or in combination with CO2
and water. Therefore, to accelerate the development and deployment of
low carbon fuels, we urge that both technical and regulatory efforts be
made to develop and integrate the CO3 supply chain. By co-locating
sustainable fuel production plants, a steady stream of CO; can be
ensured by capturing it from the exhaust gases of fuel or biomass plants
[50].

The proposed framework for evaluating and ranking ALCF produc-
tion pathways can be leveraged for national or regional policy devel-
opment. The choice of sustainable drop-in fuel production should focus
on a country’s local technical competence, feedstock availability, and
market conditions. For example, focusing on solar-fuel production in
countries with comparatively high solar irradiation or on e-fuel in re-
gions with significant wind power density would result in better overall
returns than other production pathways. Our framework is useful in
exploring the future challenges facing maximising energy (electricity
and fuel) and transportation infrastructure. Primarily, stakeholders
should consider the role of existing or planned infrastructure and ad-
aptations may need to take. As highlighted in our study, investment cost
has come up as a crucial criterion for evaluation. In this regard, we
propose that schemes should be introduced that ease access to financing
with insurance from national governments. We envision that this
proposition will lead to increased investor confidence for not only
establishing new production facilities but also equally scaling up and
modernising existing ones for a higher environmental and financial
return.

To conclude, our findings provide useful insights for decision-makers
when making investment and/or policy decisions regarding sustainable
drop-in fuel production pathways. In the former case, decision-makers
can use the global ranking to decide upon which ALCF production
pathway to invest in, while in the latter case, policies or strategies can be
developed for the cross-border trade, fuel subsidization, and long-term
plan to phase out fossil oil from the transportation supply chain.
Furthermore, we intend to extend our current work by including other
production pathways in evaluation, such as solar thermochemical and
expanding feedstock base, particularly municipal solid waste. The
benefit of this approach will be in reducing pressure on landfill sites and
creating value from waste material. Thus, society is driven towards
circular economy development. In addition, the proposed approach can
be applied in other decision domains, such as industrial production site
selection, partner selection in supply chains, and/or product purchasing.
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The specific form of Theorem 2
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The specific form of Theorem 3

1 d
g~ ROLWPBM* (a1, @, ... a) =~ >
h=1

ijePy
i
! &
DY Wzi,j cp, [1-(80y Jo w60 ]
i#j
d
- - |- 11 (17 (17(1714?“)”’?)(17(1714;?’)W/
h=1 ijeP,
i#i

d
h=1 ijeP,

i#j

References

[1]
[2]
[3]
[4]

[5]

[6

[}

[7

—

[8]

[9

—_

[10]

IEA. Global Energy Review 2020. Paris: 2020.

IEA. Tracking Transport 2020. Paris: 2020.

IEA. Tracking Transport 2021. Paris: 2021.

Han W, Husain A, Inampudi S, Loh B, Malik Y, Stone S. ICE businesses: Navigating
the energy-transition trend within mobility 2022.

Lopez-Behar D, Tran M, Froese T, Mayaud JR, Herrera OE, Merida W. Charging
infrastructure for electric vehicles in Multi-Unit Residential Buildings: Mapping
feedbacks and policy recommendations. Energy Policy 2019;126:444-51. https://
doi.org/10.1016/j.enpol.2018.10.030.

Shafiei E, Davidsdottir B, Leaver J, Stefansson H, Asgeirsson EI. Potential impact of
transition to a low-carbon transport system in Iceland. Energy Policy 2014;69:
127-42. https://doi.org/10.1016/j.enpol.2014.03.013.

Samsatli S, Staffell I, Samsatli NJ. Optimal design and operation of integrated
wind-hydrogen-electricity networks for decarbonising the domestic transport
sector in Great Britain. Int J Hydrogen Energy 2016;41:447-75. https://doi.org/
10.1016/j.ijhydene.2015.10.032.

Ahmad S, Ouenniche J, Kolosz B, Greening P, Andresen J, Maroto-Valer M, et al.
A Stakeholders’ Participatory Approach to Multi-criteria Assessment of Sustainable
Aviation Fuels Production Pathways. Int J Prod Econ 2021;238:108156. https://
doi.org/10.1016/j.ijpe.2021.108156.

Cabrera-Jiménez R, Mateo-Sanz JM, Gavalda J, Jiménez L, Pozo C. Comparing
biofuels through the lens of sustainability: A data envelopment analysis approach.
Appl Energy 2022:307. https://doi.org/10.1016/j.apenergy.2021.118201.

BP. Energy Outlook: 2020 Edition. BP: 2020.

1
) )‘Ph‘(‘Ph"')
b

1-1-1] (1- (1-(17(lfVZ-’)S)"':)(1-(1*(1*V§-’)§)W’v

19

R S
) )\PH(\PH’”

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

Applied Energy 332 (2023) 120492

AT 2 () ()

Subramaniam Y, Masron TA, Azman NHN. Biofuels, environmental sustainability,
and food security: A review of 51 countries. Energy Res Soc Sci 2020;68:101549.
https://doi.org/10.1016/j.erss.2020.101549.

Narwane VS, Yadav VS, Raut RD, Narkhede BE, Gardas BB. Sustainable
development challenges of the biofuel industry in India based on integrated MCDM
approach. Renew Energy 2021;164:298-309. https://doi.org/10.1016/j.
renene.2020.09.077.

Yao B, Xiao T, Makgae OA, Jie X, Gonzalez-Cortes S, Guan S, et al. Transforming
carbon dioxide into jet fuel using an organic combustion-synthesized Fe-Mn-K
catalyst. Nat Commun 2020:11. https://doi.org/10.1038/541467-020-20214-z.
Zhang L, Dang Y, Zhou X, Gao P, Petrus van Bavel A, Wang H, et al. Direct
conversion of CO2 to a jet fuel over CoFe alloy catalysts. Innov 2021;2:100170.
https://doi.org/10.1016/j.xinn.2021.100170.

Wang Z, Pashaei Kamali F, Osseweijer P, Posada JA. Socioeconomic effects of
aviation biofuel production in Brazil: A scenarios-based Input-Output analysis.

J Clean Prod 2019;230:1036-50. https://doi.org/10.1016/j.jclepro.2019.05.145.
Zahraee SM, Shiwakoti N, Stasinopoulos P. Biomass supply chain environmental
and socio-economic analysis: 40-Years comprehensive review of methods, decision
issues, sustainability challenges, and the way forward. Biomass Bioenergy 2020;
142:105777. https://doi.org/10.1016/j.biombioe.2020.105777.

Ganesh I. Electrochemical conversion of carbon dioxide into renewable fuel
chemicals - The role of nanomaterials and the commercialization. Renew Sustain
Energy Rev 2016;59:1269-97. https://doi.org/10.1016/j.rser.2016.01.026.
Montazersadgh F, Zhang H, Alkayal A, Buckley B, Kolosz BW, Xu B, et al.
Electrolytic cell engineering and device optimization for electrosynthesis of e-
biofuels via co-valorisation of bio-feedstocks and captured CO2. Front Chem Sci
Eng 2021;15:208-19. https://doi.org/10.1007/s11705-020-1945-6.


https://doi.org/10.1016/j.enpol.2018.10.030
https://doi.org/10.1016/j.enpol.2018.10.030
https://doi.org/10.1016/j.enpol.2014.03.013
https://doi.org/10.1016/j.ijhydene.2015.10.032
https://doi.org/10.1016/j.ijhydene.2015.10.032
https://doi.org/10.1016/j.ijpe.2021.108156
https://doi.org/10.1016/j.ijpe.2021.108156
https://doi.org/10.1016/j.apenergy.2021.118201
https://doi.org/10.1016/j.erss.2020.101549
https://doi.org/10.1016/j.renene.2020.09.077
https://doi.org/10.1016/j.renene.2020.09.077
https://doi.org/10.1038/s41467-020-20214-z
https://doi.org/10.1016/j.xinn.2021.100170
https://doi.org/10.1016/j.jclepro.2019.05.145
https://doi.org/10.1016/j.biombioe.2020.105777
https://doi.org/10.1016/j.rser.2016.01.026
https://doi.org/10.1007/s11705-020-1945-6

Z. Yang et al.

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

371

[38]

[39]

[40]

[41]

[42]

[43]

[44]

Mahmudul HM, Rasul MG, Akbar D, Narayanan R, Mofijur M. A comprehensive
review of the recent development and challenges of a solar-assisted biodigester
system. Sci Total Environ 2021:753. https://doi.org/10.1016/j.
scitotenv.2020.141920.

Kargbo H, Harris JS, Phan AN. “Drop-in” fuel production from biomass: Critical
review on techno-economic feasibility and sustainability. Renew Sustain Energy
Rev 2021;135:110168. https://doi.org/10.1016/j.rser.2020.110168.

Filimonau V, Mika M, Pawlusiriski R. Public attitudes to biofuel use in aviation:
Evidence from an emerging tourist market. J Clean Prod 2018;172:3102-10.
https://doi.org/10.1016/j.jclepro.2017.11.101.

Mukonza C. Knowledge, attitudes and perceptions of stakeholders on biofuels as an
enabler in a South African bio-based economy. J Energy South Africa 2017;28:107.
https://doi.org/10.17159/2413-3051/2017/v28i3a1454.

Sharma S, Kundu A, Basu S, Shetti NP, Aminabhavi TM. Sustainable environmental
management and related biofuel technologies. J Environ Manage 2020;273:
111096. https://doi.org/10.1016/j.jenvman.2020.111096.

Baena-Moreno FM, Pastor-Pérez L, Wang Q, Reina TR. Bio-methane and bio-
methanol co-production from biogas: A profitability analysis to explore new
sustainable chemical processes. J Clean Prod 2020;:265. https://doi.org/10.1016/
j-jclepro.2020.121909.

Liu B, Shumway CR, Yoder JK. Lifecycle economic analysis of biofuels: Accounting
for economic substitution in policy assessment. Energy Econ 2017;67:146-58.
https://doi.org/10.1016/j.eneco.2017.06.002.

Arora A, Singh V. Biodiesel production from engineered sugarcane lipids under
uncertain feedstock compositions: Process design and techno-economic analysis.
Appl Energy 2020;280:115933. https://doi.org/10.1016/j.apenergy.2020.115933.
Qiang SS, Wang WC. Experimental and techno-economic studies of upgrading
heavy pyrolytic oils from wood chips into valuable fuels. J Clean Prod 2020;277:
124136. https://doi.org/10.1016/j.jclepro.2020.124136.

Kim J, Henao CA, Johnson TA, Dedrick DE, Miller JE, Stechel EB, et al. Methanol
production from CO2 using solar-thermal energy: process development and techno-
economic analysis. Energy Environ Sci 2011;4:3122. https://doi.org/10.1039/
clee01311d.

Mahmud R, Moni SM, High K, Carbajales-Dale M. Integration of techno-economic
analysis and life cycle assessment for sustainable process design — A review. J Clean
Prod 2021;317:128247. https://doi.org/10.1016/j.jclepro.2021.128247.

Ren J, Liang H. Measuring the sustainability of marine fuels: A fuzzy group multi-
criteria decision making approach. Transp Res Part D Transp Environ 2017;54:
12-29. https://doi.org/10.1016/j.trd.2017.05.004.

Sehatpour MH, Kazemi A. Sustainable fuel portfolio optimization: Integrated fuzzy
multi-objective programming and multi-criteria decision making. J Clean Prod
2018;176:304-19. https://doi.org/10.1016/j.jclepro.2017.12.092.

Lin R, Lu S, Yang A, Shen W, Ren J. Multi-criteria sustainability assessment and
decision-making framework for hydrogen pathways prioritization : An extended
ELECTRE method under hybrid information. Int J Hydrogen Energy 2021:1-16.
https://doi.org/10.1016/j.ijhydene.2021.01.018.

Ridha HM, Gomes C, Hizam H, Ahmadipour M, Heidari AA, Chen H. Multi-
objective optimization and multi-criteria decision-making methods for optimal
design of standalone photovoltaic system: A comprehensive review. Renew Sustain
Energy Rev 2021;135:110202. https://doi.org/10.1016/].rser.2020.110202.
Abdel-Basset M, Gamal A, Chakrabortty RK, Ryan M. A new hybrid multi-criteria
decision-making approach for location selection of sustainable offshore wind
energy stations: A case study. J Clean Prod 2021;280:124462. https://doi.org/
10.1016/j.jclepro.2020.124462.

Mukhamet T, Kobeyev S, Nadeem A, Memon SA. Ranking PCMs for building facade
applications using multi-criteria decision-making tools combined with energy
simulations. Energy 2021;215:119102. https://doi.org/10.1016/j.
energy.2020.119102.

Yager RR. Generalized Orthopair Fuzzy Sets. IEEE Trans Fuzzy Syst 2017;25:
1222-30. https://doi.org/10.1109/TFUZZ.2016.2604005.

Alkan N, Kahraman C. Evaluation of government strategies against COVID-19
pandemic using q-rung orthopair fuzzy TOPSIS method. Appl Soft Comput 2021;
110:107653. https://doi.org/10.1016/j.as0c.2021.107653.

Yang Z, Shang WL, Zhang H, Garg H, Han C. Assessing the green distribution
transformer manufacturing process using a cloud-based q-rung orthopair fuzzy
multi-criteria framework. Appl Energy 2022;311:118687. https://doi.org/
10.1016/j.apenergy.2022.118687.

Yang Y, Chen ZS, Rodriguez RM, Pedrycz W, Chin KS. Novel fusion strategies for
continuous interval-valued g-rung orthopair fuzzy information: a case study in
quality assessment of SmartWatch appearance design. Int J Mach Learn Cybern
2022;13:609-32. https://doi.org/10.1007/513042-020-01269-2.

Herrera F, Herrera-Viedma E. Linguistic decision analysis: Steps for solving
decision problems under linguistic information. Fuzzy Sets Syst 2000;115:67-82.
https://doi.org/10.1016/50165-0114(99)00024-X.

Li L, Zhang R, Wang J, Shang X. Some g-rung orthopair linguistic Heronian mean
operators with their application to multi-attribute group decision making. Arch
Control Sci 2018;28:551-83. https://doi.org/10.24425/acs.2018.125483.

Naz S, Akram M, Saeid AB, Saadat A. Models for MAGDM with dual hesitant g-rung
orthopair fuzzy 2-tuple linguistic MSM operators and their application to COVID-
19 pandemic. Expert Syst 2022:1-32. https://doi.org/10.1111/exsy.13005.
Akram M, Shahzadi G. A hybrid decision-making model under q-rung orthopair
fuzzy Yager aggregation operators. Granul Comput 2021;6:763-77. https://doi.
org/10.1007/541066-020-00229-z.

Saha A, Garg H, Dutta D. Probabilistic linguistic q-rung orthopair fuzzy
Generalized Dombi and Bonferroni mean operators for group decision-making with

20

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

Applied Energy 332 (2023) 120492

unknown weights of experts. Int J Intell Syst 2021;36:7770-804. https://doi.org/
10.1002/int.22607.

Mahmood T, Ali Z. Aggregation operators and VIKOR method based on complex g-
rung orthopair uncertain linguistic informations and their applications in multi-
attribute decision making. Comput Appl Math 2020;39:1-44. https://doi.org/
10.1007/s40314-020-01332-2.

Akram M, Naz S, Edalatpanah SA, Mehreen R. Group decision-making framework
under linguistic g-rung orthopair fuzzy Einstein models. Soft Comput 2021;25:
10309-34. https://doi.org/10.1007/s00500-021-05771-9.

Liu D, Huang A. Consensus reaching process for fuzzy behavioral TOPSIS method
with probabilistic linguistic q-rung orthopair fuzzy set based on correlation
measure. Int J Intell Syst 2020;35:494-528. https://doi.org/10.1002/int.22215.
Rong Y, Liu Y, Pei Z. Complex g-rung orthopair fuzzy 2-tuple linguistic Maclaurin
symmetric mean operators and its application to emergency program selection. Int
J Intell Syst 2020;35:1749-90. https://doi.org/10.1002/int.22271.

Dong J, Wan S, Chen SM. Fuzzy best-worst method based on triangular fuzzy
numbers for multi-criteria decision-making. Inf Sci (Ny) 2021;547:1080-104.
https://doi.org/10.1016/j.ins.2020.09.014.

Hermesmann M, Griibel K, Scherotzki L, Miiller TE. Promising pathways: The
geographic and energetic potential of power-to-x technologies based on
regeneratively obtained hydrogen. Renew Sustain Energy Rev 2021;138:110644.
https://doi.org/10.1016/j.rser.2020.110644.

Kalamaras E, Maroto-Valer MM, Shao M, Xuan J, Wang H. Solar carbon fuel via
photoelectrochemistry. Catal Today 2018;317:56-75. https://doi.org/10.1016/j.
cattod.2018.02.045.

Molino A, Nanna F, Ding Y, Bikson B, Braccio G. Biomethane production by
anaerobic digestion of organic waste. Fuel 2013;103:1003-9. https://doi.org/
10.1016/j.fuel.2012.07.070.

Loh JYY, Kherani NP, Ozin GA. Persistent CO2 photocatalysis for solar fuels in the
dark. Nat Sustain 2021;4:466-73. https://doi.org/10.1038/541893-021-00681-y.
Ahmad S, Nadeem A, Akhanova G, Houghton T, Muhammad-Sukki F. Multi-criteria
evaluation of renewable and nuclear resources for electricity generation in
Kazakhstan. Energy 2017;141:1880-91. https://doi.org/10.1016/j.
energy.2017.11.102.

Fiorese G, Catenacci M, Verdolini E, Bosetti V. Advanced biofuels: Future
perspectives from an expert elicitation survey. Energy Policy 2012;56:293-311.
https://doi.org/10.1016/j.enpol.2012.12.061.

Sehatpour MH, Kazemi A, Sehatpour H eddin. Evaluation of alternative fuels for
light-duty vehicles in Iran using a multi-criteria approach. Renew Sustain Energy
Rev 2017;72:295-310. https://doi.org/10.1016/j.rser.2017.01.067.

Schmidt P, Batteiger V, Roth A, Weindorf W, Raksha T. Power-to-Liquids as
Renewable Fuel Option for Aviation: A Review. Chem-Ing-Tech 2018;90:127-40.
https://doi.org/10.1002/cite.201700129.

Falter C, Valente A, Habersetzer A, Iribarren D, Dufour J. An integrated techno-
economic, environmental and social assessment of the solar thermochemical fuel
pathway. Sustain Energy Fuels 2020;4:3992-4002. https://doi.org/10.1039/
d0se00179a.

Ahmad S, Xu B. A cognitive mapping approach to analyse stakeholders’
perspectives on sustainable aviation fuels. Transp Res Part D Transp Environ 2021;
100:103076. https://doi.org/10.1016/j.trd.2021.103076.

Driinert S, Neuling U, Zitscher T, Kaltschmitt M. Power-to-Liquid fuels for aviation
— Processes, resources and supply potential under German conditions. Appl Energy
2020;277:115578. https://doi.org/10.1016/j.apenergy.2020.115578.

Baudry G, Macharis C, Vallée T. Can microalgae biodiesel contribute to achieve the
sustainability objectives in the transport sector in France by 2030? A comparison
between first, second and third generation biofuels though a range-based Multi-
Actor Multi-Criteria Analysis. Energy 2018;155:1032-46. https://doi.org/
10.1016/j.energy.2018.05.038.

Baudry G, Macharis C, Vallée T. Range-based Multi-Actor Multi-Criteria Analysis: A
combined method of Multi-Actor Multi-Criteria Analysis and Monte Carlo
simulation to support participatory decision making under uncertainty. Eur J Oper
Res 2018;264:257-69. https://doi.org/10.1016/j.ejor.2017.06.036.

Lanzini P, Testa F, Iraldo F. Factors affecting drivers’ willingness to pay for
biofuels: The case of Italy. J Clean Prod 2016;112:2684-92. https://doi.org/
10.1016/j.jclepro.2015.10.080.

Mastrocinque E, Ramirez FJ, Honrubia-Escribano A, Pham DT. An AHP-based
multi-criteria model for sustainable supply chain development in the renewable
energy sector. Expert Syst Appl 2020;150:113321. https://doi.org/10.1016/j.
eswa.2020.113321.

Xu B, Nayak A, Gray D, Ouenniche J. Assessing energy business cases implemented
in the North Sea Region and strategy recommendations. Appl Energy 2016;172:
360-71. https://doi.org/10.1016/j.apenergy.2016.03.110.

Liang S, Gu H, Bergman RD. Life cycle assessment of cellulosic ethanol and
biomethane production from forest residues. BioResources 2017;12:7873-83.
https://doi.org/10.15376/biores.12.4.7873-7883.

Biernacki P, Rother T, Paul W, Werner P, Steinigeweg S. Environmental impact of
the excess electricity conversion into methanol. J Clean Prod 2018;191:87-98.
https://doi.org/10.1016/j.jclepro.2018.04.232.

Gonzalez-Garay A, Frei MS, Al-Qahtani A, Mondelli C, Guillén-Gosalbez G, Pérez-
Ramirez J. Plant-to-planet analysis of CO2-based methanol processes. Energy
Environ Sci 2019;12:3425-36. https://doi.org/10.1039/c9ee01673b.

Huijbregts MAJ, Steinmann ZJN, Elshout PMF, Stam G, Verones F, Vieira M, et al.
ReCiPe2016: a harmonised life cycle impact assessment method at midpoint and
endpoint level. Int J Life Cycle Assess 2017;22:138-47. https://doi.org/10.1007/
s11367-016-1246-y.


https://doi.org/10.1016/j.scitotenv.2020.141920
https://doi.org/10.1016/j.scitotenv.2020.141920
https://doi.org/10.1016/j.rser.2020.110168
https://doi.org/10.1016/j.jclepro.2017.11.101
https://doi.org/10.17159/2413-3051/2017/v28i3a1454
https://doi.org/10.1016/j.jenvman.2020.111096
https://doi.org/10.1016/j.jclepro.2020.121909
https://doi.org/10.1016/j.jclepro.2020.121909
https://doi.org/10.1016/j.eneco.2017.06.002
https://doi.org/10.1016/j.apenergy.2020.115933
https://doi.org/10.1016/j.jclepro.2020.124136
https://doi.org/10.1039/c1ee01311d
https://doi.org/10.1039/c1ee01311d
https://doi.org/10.1016/j.jclepro.2021.128247
https://doi.org/10.1016/j.trd.2017.05.004
https://doi.org/10.1016/j.jclepro.2017.12.092
https://doi.org/10.1016/j.ijhydene.2021.01.018
https://doi.org/10.1016/j.rser.2020.110202
https://doi.org/10.1016/j.jclepro.2020.124462
https://doi.org/10.1016/j.jclepro.2020.124462
https://doi.org/10.1016/j.energy.2020.119102
https://doi.org/10.1016/j.energy.2020.119102
https://doi.org/10.1109/TFUZZ.2016.2604005
https://doi.org/10.1016/j.asoc.2021.107653
https://doi.org/10.1016/j.apenergy.2022.118687
https://doi.org/10.1016/j.apenergy.2022.118687
https://doi.org/10.1007/s13042-020-01269-2
https://doi.org/10.1016/S0165-0114(99)00024-X
https://doi.org/10.24425/acs.2018.125483
https://doi.org/10.1111/exsy.13005
https://doi.org/10.1007/s41066-020-00229-z
https://doi.org/10.1007/s41066-020-00229-z
https://doi.org/10.1002/int.22607
https://doi.org/10.1002/int.22607
https://doi.org/10.1007/s40314-020-01332-2
https://doi.org/10.1007/s40314-020-01332-2
https://doi.org/10.1007/s00500-021-05771-9
https://doi.org/10.1002/int.22215
https://doi.org/10.1002/int.22271
https://doi.org/10.1016/j.ins.2020.09.014
https://doi.org/10.1016/j.rser.2020.110644
https://doi.org/10.1016/j.cattod.2018.02.045
https://doi.org/10.1016/j.cattod.2018.02.045
https://doi.org/10.1016/j.fuel.2012.07.070
https://doi.org/10.1016/j.fuel.2012.07.070
https://doi.org/10.1038/s41893-021-00681-y
https://doi.org/10.1016/j.energy.2017.11.102
https://doi.org/10.1016/j.energy.2017.11.102
https://doi.org/10.1016/j.enpol.2012.12.061
https://doi.org/10.1002/cite.201700129
https://doi.org/10.1039/d0se00179a
https://doi.org/10.1039/d0se00179a
https://doi.org/10.1016/j.trd.2021.103076
https://doi.org/10.1016/j.apenergy.2020.115578
https://doi.org/10.1016/j.energy.2018.05.038
https://doi.org/10.1016/j.energy.2018.05.038
https://doi.org/10.1016/j.ejor.2017.06.036
https://doi.org/10.1016/j.jclepro.2015.10.080
https://doi.org/10.1016/j.jclepro.2015.10.080
https://doi.org/10.1016/j.eswa.2020.113321
https://doi.org/10.1016/j.eswa.2020.113321
https://doi.org/10.1016/j.apenergy.2016.03.110
https://doi.org/10.15376/biores.12.4.7873-7883
https://doi.org/10.1016/j.jclepro.2018.04.232
https://doi.org/10.1039/c9ee01673b
https://doi.org/10.1007/s11367-016-1246-y
https://doi.org/10.1007/s11367-016-1246-y

Z. Yang et al.

[70]

[71]
[72]

[731]

[74]

[75]

[76]

[771

[78]

[79]

[80]

[81]
[82]

[83]

Von Der Assen N, Jung J, Bardow A. Life-cycle assessment of carbon dioxide
capture and utilization: Avoiding the pitfalls. Energy Environ Sci 2013;6:2721-34.
https://doi.org/10.1039/c3ee41151f.

IEA. World energy balances (Edition 2016) 2016. https://doi.org/https://doi.org/
https://doi.org/10.1787/be0c09b9-en.

Bonferroni C. Sulle medie multiple di potenze. Boll Dell’Unione Mat Ital 1950;5:
267-70.

Dutta B, Guha D. Partitioned Bonferroni mean based on linguistic 2-tuple for
dealing with multi-attribute group decision making. Appl Soft Comput J 2015;37:
166-79. https://doi.org/10.1016/j.as0c.2015.08.017.

Chen K, Luo Y. Generalized orthopair linguistic Muirhead mean operators and their
application in multi-criteria decision making. J Intell Fuzzy Syst 2019;37:797-809.
https://doi.org/10.3233/JIFS-181366.

Kalamaras E, Maroto-Valer M, Xuan J, Wang H. A Microfluidic Reactor for Solar
Fuel Production from Photocatalytic CO2 Reduction. Energy Procedia 2017;142:
501-6. https://doi.org/10.1016/j.egypro.2017.12.078.

Pastrana-Martinez LM, Silva AMT, Fonseca NNC, Vaz JR, Figueiredo JL, Faria JL.
Photocatalytic Reduction of CO2 with Water into Methanol and Ethanol Using
Graphene Derivative-TiO2 Composites: Effect of pH and Copper(I) Oxide. Top
Catal 2016;59:1279-91. https://doi.org/10.1007/s11244-016-0655-2.

IEA. Is carbon capture too expensive? 2021. https://www.iea.org/commentaries/
is-carbon-capture-too-expensive (accessed December 6, 2021).

Li X, Yu J, Jaroniec M, Chen X. Cocatalysts for Selective Photoreduction of CO2
into Solar Fuels. Chem Rev 2019;119:3962-4179. https://doi.org/10.1021/acs.
chemrev.8b00400.

Jain A, Sarsaiya S, Kumar Awasthi M, Singh R, Rajput R, Mishra UG, et al.
Bioenergy and bio-products from bio-waste and its associated modern circular
economy: Current research trends, challenges, and future outlooks. Fuel 2022;307:
121859. https://doi.org/10.1016/j.fuel.2021.121859.

Galan-Mascaros JR. Photoelectrochemical solar fuels from carbon dioxide, water
and sunlight. Catal Sci Technol 2020;10:1967-74. https://doi.org/10.1039/
C9CY02606A.

IRENA and Methanol Institue. Innovation Outlook: Renewable Methanol. Abu
Dhabi: International Renewable Energy Agency; 2021.

Staples MD, Malina R, Barrett SRH. The limits of bioenergy for mitigating global
life-cycle greenhouse gas emissions from fossil fuels. Nat Energy 2017;2:16202.
McGuire JB, Leahy JE, Marciano JA, Lilieholm RJ, Teisl MF. Social acceptability of
establishing forest-based biorefineries in Maine. United States Biomass and
Bioenergy 2017;105:155-63. https://doi.org/10.1016/j.biombioe.2017.06.015.

21

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

[94]

Applied Energy 332 (2023) 120492

Liu P, Liu J. Some q -Rung Orthopai Fuzzy Bonferroni Mean Operators and Their
Application to Multi-Attribute Group Decision Making. Int J Intell Syst 2018;33:
315-47. https://doi.org/10.1002/int.21933.

Neuling U, Kaltschmitt M. Techno-economic and environmental analysis of
aviation biofuels. Fuel Process Technol 2018;171:54-69. https://doi.org/10.1016/

j.fuproc.2017.09.022.

Ghaib K, Ben-Fares FZ. Power-to-Methane: A state-of-the-art review. Renew
Sustain Energy Rev 2018;81:433-46. https://doi.org/10.1016/j.rser.2017.08.004.
IRENA. Innovation Outlook Advanced Liquid Biofuels. 2016.

Ren P, Xu Z, Kacprzyk J. Group Decisions with Intuitionistic Fuzzy Sets. In: Kilgour
D.M,, Eden C, editors. Handb. Gr. Decis. Negot., Cham: Springer International
Publishing; 2021, p. 977-95. https://doi.org/10.1007/978-3-030-49629-6_43.
Garg H, Rani D. Novel distance measures for intuitionistic fuzzy sets based on
various triangle centers of isosceles triangular fuzzy numbers and their
applications. Expert Syst Appl 2022;191:116228. https://doi.org/10.1016/].
eswa.2021.116228.

Liu P, Wang P. Some q-Rung Orthopair Fuzzy Aggregation Operators and their
Applications to Multiple-Attribute Decision Making. Int J Intell Syst 2018;33:
259-80. https://doi.org/10.1002/int.21927.

Atanassov KT. Intuitionistic fuzzy sets. Fuzzy Sets Syst 1986;20:87-96. https://doi.
org/10.1016/50165-0114(86)80034-3.

Yang Z, Li X, He P. A decision algorithm for selecting the design scheme for
blockchain-based agricultural product traceability system in q-rung orthopair fuzzy
environment. J Clean Prod 2021;290:125191. https://doi.org/10.1016/j.

jclepro.2020.125191.

Farhadinia B, Effati S, Chiclana F. A family of similarity measures for q-rung
orthopair fuzzy sets and their applications to multiple criteria decision making. Int
J Intell Syst 2021;36:1535-59. https://doi.org/10.1002/int.22351.

Hansson J, Ménsson S, Brynolf S, Grahn M. Alternative marine fuels: Prospects
based on multi-criteria decision analysis involving Swedish stakeholders. Biomass
Bioenergy 2019;126:159-73. https://doi.org/10.1016/j.biombioe.2019.05.008.

Further reading

[95]

[96]

Gao J, Liang Z, Shang J, Xu Z. Continuities, Derivatives, and Differentials of $q
$-Rung Orthopair Fuzzy Functions. IEEE Trans Fuzzy Syst 2019;27:1687-99.
https://doi.org/10.1109/TFUZZ.2018.2887187.

Liu P, Liu W. Multiple-attribute group decision-making based on power Bonferroni
operators of linguistic q-rung orthopair fuzzy numbers. Int J Intell Syst 2019;34:
652-89. https://doi.org/10.1002/int.22071.


https://doi.org/10.1039/c3ee41151f
http://refhub.elsevier.com/S0306-2619(22)01749-4/h0360
http://refhub.elsevier.com/S0306-2619(22)01749-4/h0360
https://doi.org/10.1016/j.asoc.2015.08.017
https://doi.org/10.3233/JIFS-181366
https://doi.org/10.1016/j.egypro.2017.12.078
https://doi.org/10.1007/s11244-016-0655-2
https://doi.org/10.1021/acs.chemrev.8b00400
https://doi.org/10.1021/acs.chemrev.8b00400
https://doi.org/10.1016/j.fuel.2021.121859
https://doi.org/10.1039/C9CY02606A
https://doi.org/10.1039/C9CY02606A
http://refhub.elsevier.com/S0306-2619(22)01749-4/h0410
http://refhub.elsevier.com/S0306-2619(22)01749-4/h0410
https://doi.org/10.1016/j.biombioe.2017.06.015
https://doi.org/10.1002/int.21933
https://doi.org/10.1016/j.fuproc.2017.09.022
https://doi.org/10.1016/j.fuproc.2017.09.022
https://doi.org/10.1016/j.rser.2017.08.004
https://doi.org/10.1016/j.eswa.2021.116228
https://doi.org/10.1016/j.eswa.2021.116228
https://doi.org/10.1002/int.21927
https://doi.org/10.1016/S0165-0114(86)80034-3
https://doi.org/10.1016/S0165-0114(86)80034-3
https://doi.org/10.1016/j.jclepro.2020.125191
https://doi.org/10.1016/j.jclepro.2020.125191
https://doi.org/10.1002/int.22351
https://doi.org/10.1016/j.biombioe.2019.05.008
https://doi.org/10.1109/TFUZZ.2018.2887187
https://doi.org/10.1002/int.22071

	Evaluating alternative low carbon fuel technologies using a stakeholder participation-based q-rung orthopair linguistic mul ...
	1 Introduction
	1.1 Motivation
	1.2 Contributions
	1.3 Outline

	2 Framework design
	2.1 Choice of alternative and performance criteria
	2.2 Data and preference gathering
	2.2.1 Stakeholder preferences and weights
	2.2.2 Choice of a system for rating low carbon fuel production pathways


	3 Methodology
	3.1 Preliminaries
	3.2 The q-rung orthopair linguistic weighted Bonferroni mean operator
	3.3 The q-rung orthopair linguistic partitioned Bonferroni mean operator
	3.4 The q-rung orthopair linguistic weighted partitioned Bonferroni mean operator

	4 Empirical results and discussions
	4.1 Performance criteria weights
	4.2 Mono-criterion ranking
	4.3 Production pathway multi-criteria ranking
	4.4 Production pathway global ranking

	5 Sensitivity analysis
	5.1 Initial parameter experiments
	5.2 Stakeholder preference scenarios
	5.3 Comparative analysis

	6 Conclusion
	6.1 Theoretical contributions
	6.2 Practical contributions

	CRediT authorship contribution statement
	Declaration of Competing Interest
	Data availability
	Acknowledgments
	Appendix A Data and criteria
	Appendix B Specific forms and proofs of our theorems
	The specific form of Theorem 1


	The specific form of Theorem 2
	Proof of Theorem 2
	The specific form of Theorem 3
	References
	Further reading


