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ABSTRACT
This study presents a combined application of hybrid life cycle sustainability assessment and
multi-criteria decision-making, aiming to further advance an integrated sustainability assessment
and decision-making for the selection of alternative-fuel taxis. First, a multiregional hybrid life cycle
sustainability assessment model is built to evaluate macro-level sustainability impacts of various
vehicle types: conventional gasoline vehicles, compressed natural gas vehicles, hybrid, and battery
electric vehicles. Second, considering the subjective nature of the evaluation process, the interval-
valued neutrosophic sets-based analytic hierarchy process is suggested to assess the results
obtained from the life cycle model to determine the weight of each evaluation criterion. Then, the
technique for order preference by similarity to the ideal solution is used to rank the sustainability
performance. Two different charging scenarios are also tested. The results show that solar-pow-
ered BEVs are the best in the environmental impacts with the exceptions of water consumption
and land use. Solar-powered BEVs are superior in human health impact, while, ICVs are the best in
compensation and employment generations. The ranking results reveal that solar-powered BEVs
are the best alternatives when all indicators are considered, followed by CNG vehicles. The pro-
posed method provides a practical and life cycle-based decision-making approach to support and
prioritize effective policies for more sustainable transportation.
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1. Introduction

In the decade, the electrification of vehicle fleets has drawn
widespread interest all over the globe. Electrifying the trans-
port sector has been widely addressed and commonly seen as
an attractive solution for reducing fossil fuel dependency,
global climate change, air pollution, and its associated human
health impact, toward achieving sustainable transportation.
For instance, Norway, Britain, France, and India have estab-
lished strategic plans to substitute conventional vehicles (fos-
sil fuel-powered) with electric vehicles. Moreover, Japan,
China, South Korea, Denmark, Ireland, Portugal, Spain, and
Austria, have set up ambitious goals for electric vehicle sales
(CNN, 2017). Electric taxis are considered as options for
developing sustainable urban transportation. For example, in
Amsterdam, the taxi electric service was the first in Europe
to switch to 100% electric taxis. Today, cities like Stockholm,
London, Dublin, Rome, Madrid, Barcelona, Prague, and
Budapest, besides some metropolises in the US, Canada, and
China are using electric taxi services on their roads (Bauer
et al., 2018). However, the adoption of electric vehicle tech-
nologies has some drawbacks including, high initial price,

limited electric range, operation-related issues, slow charging
speed, insufficient charging infrastructure as well as undis-
covered socioeconomic and environmental impacts, which
necessitate a holistic and integrated decision and sustainabil-
ity assessment approach (Melaina & Bremson, 2008; Qatar
Green Leaders, 2017).

The structure of the paper is organized as follows: First, a
review of the literature on sustainability assessment for electric
taxis, as well as the multi-criteria decision-making methods
are presented. Second, the novelty of the research is discussed.
Third, the case study is presented, the scope is defined, and
the proposed methodologies are explained. Fourth, the life
cycle sustainability assessment results are presented. Fifth,
alternative rankings are conducted. Lastly, the main findings
are summarized, and future work is pointed out.

2. Literature review

2.1. Sustainability assessment of electric taxis

Life Cycle Assessment (LCA) method is commonly used for
quantifying the vehicle’s environmental impacts from cradle
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to grave (Aboushaqrah et al., 2020; Burchart-Korol et al.,
2020; Nuri Cihat Onat et al., 2020). In this paper, we first
presented a systematic literature review to investigate the
gaps in the current literature for electric taxis LCA.
According to the review of literature conducted (“Electric
taxi” AND “Life cycle assessment” OR “Sustainability asses-
sment” in either title, abstract, or keywords for the articles
published in the period between 2000 and 2020, accessed on
January 1, 2020, in the Scopus database), only three studies
are found, and all found relevant to the research topic.
Besides, three more studies are found through using the
Google Scholar search engine, one of which is directly
related to the research topic, while the rest have focused on
autonomous electric taxis. The electric taxi studies were
obtained from the Scopus database for the timeframe
between 2000 and 2020. All the studies found in the litera-
ture are provided in Table S1 in the supplementary informa-
tion (SI) file available on the journal’s website.

According to the literature, only four out of six studies
conducted LCA of electric taxis. Of these four studies, two
studies have covered the full LCA, while others limited the
scope of their analysis to the environmental impacts during
the operation phase only. Shi et al. (2016) have conducted a
comparative life cycle environmental assessment between
gasoline and electric taxi in Beijing. The study has analyzed
and compared ten environmental impact categories of the
two types of taxi technologies, considering the full life cycle
and the individual phases of the life cycle separately.
Overall, in the case of China, battery electric vehicles per-
formed a better environmental performance compared to
gasoline vehicles. According to their critical findings, cleaner
electricity generation, the efficiency of electric vehicles, and
the lifetime of batteries were key aspects to maximize the
environmental impacts. In another work, in Singapore,
Reuter et al. (2014) have analyzed the greenhouse gas
(GHG) emissions of alternative taxi technologies using LCA
for the operation phase and vehicle and battery production
phase. In the operation phase, the fuel supply chain-related
emissions were found to be significantly higher for electri-
city than for fossil fuels, but the overall findings showed
that electric taxis perform better than all other options for
operation phase impacts.

Ma et al. (2017) have employed LCA to calculate oper-
ation phase-related carbon footprint and energy consump-
tion of different electric vehicle types including electric taxis
in Beijing between the period from 2012 to 2015. The results
showed that around 7.1 million kJ energy has been saved
and around 5.4 thousand tons of carbon emissions could be
reduced by disseminating electric taxis in Beijing. Then,
based on these results, the study forecasted the electric vehi-
cles’ performance for the period between 2016 and 2020,
China’s 13th Five-Year plan. According to the results, elec-
tric taxis have significant potential for CO2 and energy
reduction. Onat et al. (2017a, 2017b) quantified the carbon
emissions generated in the operation phase for alternative-
fuel taxi technologies in Istanbul. Their findings revealed
that supply chains of electricity generation are the largest
contributors to GHG emissions for electric taxis, though,

overall, BEVs have the least GHG emissions compared to
other technologies in the case of Istanbul.

On the other hand, two of the reviewed studies have
addressed the benefits of autonomous electric taxis.
According to these studies, autonomous taxis can reduce the
overall environmental impacts. The potential environmental
impact reduction depends on two main competing forces in
the net benefits. Electrification and autonomy mostly mean
lower energy consumption, thus lower environmental
impacts. On the other hand, there is a rebound effect that
causes users to travel more and thus have more impacts. It
is very similar to previous efficiency improvement in some
areas such as more energy-efficient light bulbs caused people
to use more illumination, thus, net benefits in terms of
environmental impacts are limited by more use of it due to
efficiency benefits and reduced costs. Greenblatt and Saxena
(2015) have estimated the GHG emissions and costs of
autonomous taxis in the US for the years 2014 and 2030.
The authors found that the diffusion of automated taxis in
2030 can result in 87–94% GHG emission reduction relative
to 2014 conventional vehicles, 63–82% GHG below the 2030
hybrid vehicles, and almost 100% reduction in oil consump-
tion. Bauer et al. (2018) proposed an agent-based model to
identify the fleet configuration of the automated electric taxi
with the lowest cost, and environmental impact on
Manhattan Island. The results indicated that the automated
electric taxis could reduce 58% of energy use and 73% of
GHG emissions generated by the automated conventional
vehicles. The authors found that the lowest cost fleet config-
uration is achieved with from 50 to 90 miles of battery
range (all-electric range: the distance an electric vehicle can
run with a fully charged battery until its battery depleted),
together with either 44 or 66 chargers per square mile of
22 kW or 11KW charging power, respectively.

This study distinguishes itself from the previous work in
various ways. This study encompasses socio-economic
aspects of sustainability, in addition to the environmental
categories which were the most studied aspect using LCA.
Furthermore, here, we employed an advanced Multi-
Regional Input-Output Analysis (MRIO)-based Life Cycle
Sustainability assessment approach where global supply
chains of processes involved in taxi operations are covered.
Also, stakeholder involvement allowed a comprehensive sus-
tainability assessment framework where the alternative fuel
taxi options are comprehensively evaluated and ranked.

2.2. Life Cycle sustainability assessment and
decision making

There is a growing interest in the evaluation of socio-eco-
nomic aspects of sustainability besides the environmental
impacts, hence a paradigm shift from the traditional LCA to
the Life Cycle Sustainability Assessment (LCSA) has taken
place. LCSA is the up to date framework in the life cycle
assessment field, in which Life Cycle Costing (LCC), Social
Life Cycle Assessment (S-LCA), in addition to
Environmental Life Cycle Assessment (LCA) are integrated
to generate a more inclusive assessment (Kucukvar et al.,
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2014; Traverso et al. 2012a, 2012b; Zamagni et al., 2013).
LCSA framework combines the three sustainable develop-
ment dimensions: the environment, society, and economy,
which are commonly called the "triple bottom line" (TBL)
(Finkbeiner et al., 2010; Kucukvar & Tatari, 2013).

In the literature, LCSA is considered somehow a new
framework, hence the applications of LCSA are highly lim-
ited (Onat et al., 2017a). Practical applications of LCSA can
be enhanced through the integration of methodological
approaches, such as the MRIO, Multi-Criteria Decision
Making (MCDM), and system dynamics (Onat et al.,
2017a). MRIO models are improved versions of single
region input–output modeling that can serve best in the esti-
mation of sustainability impacts on a global scale (Giljum
et al., 2019; Minx et al., 2009; Onat & Kucukvar, 2020;
Wood et al., 2014). Although, MRIO models can cover the
entire global supply chain-related impacts and thereby pro-
vides a holistic perspective, the combination of MRIO with
LCA is not sufficiently applied in the literature (Onat et al.,
2017a). Besides, MCDM approaches are commonly
employed for solving decision-making problems in which a
set of criteria and alternatives exist (Kucukvar et al., 2019,
2017). These methods are useful when multiple criteria,
especially if having conflicting nature, are to be considered
simultaneously for ranking and selecting the best alternatives
(De Luca et al. 2017; Abdella et al., 2020). On the other
hand, the joint applications of MCDM and LCA in the lit-
erature are very limited. Hence, this study aims at analyzing
the TBL impacts of the alternative vehicles from the LCSA
perspective in conjunction with MRIO to account for the
global supply chain impacts, as well as ranking the alterna-
tives upon their corresponding sustainability performance
using MCDM approaches.

The alternative vehicle fleets’ life-cycle assessment has
been addressed by many studies in the literature. For
instance, Onat et al. (2014) established a holistic LCSA
model to quantify the impacts of 19 indicators, at the
macro-level, from the TBL perspective, for the alternative
passenger vehicles in the US. Many studies (Onat, 2015;
Onat et al., 2016a,b,c,d) employed single region input-output
models to comprehensively evaluate the TBL impacts of
alternative passenger vehicles in the US. In other work,
Onat et al. (2016c) used system dynamics modeling in com-
bination with LCSA to analyze the TBL impacts of alterna-
tive vehicles in the US from an integrated system
perspective. Also, the authors have investigated the dynamic
relationships between the LCSA indicators. Furthermore,
Onat et al. (2016b) aimed to advance the LCSA literature by
developing a novel uncertainty-embedded dynamic LCSA to
identify the uncertainties and concerns in the sustainability
assessment of the alternative vehicle options. Also, many
studies in the literature have integrated MCDM techniques
into the LCSA framework, such as multi-objective optimiza-
tion to find out the optimal fleet mix (Onat et al., 2020;
Onat et al., 2016d), intuitionistic fuzzy set methods to rank
the vehicle alternatives (Onat et al., 2016a), the water foot-
print of electric vehicles (Onat et al., 2018), the material
footprint of electric vehicles (B. Sen et al., 2020), life cycle

sustainability assessment of autonomous trucks (Burak Sen
et al., 2019), and eco-efficiency analysis of electric vehicles
(N.C. Onat et al., 2019).

2.3. Neutrosophic sets

Neutrosophy as a new concept has opened new horizons in
MCDM and inspired several types of research in the field.
Due to its ability to handle various types of uncertainty,
such as ambiguity, hesitancy, indeterminacy, hybridized
methods with interval values neutrosophic (IVN) sets have
gained ground. The idea of the neutrosophic set is origi-
nated from neutrosophy, a new concept in philosophy that
deals with the nature, origin, and scope of neutralities
(Biswas et al., 2016). Originally, Smarandache (1998) devel-
oped neutrosophic sets as a generalization of classical sets,
fuzzy sets, and intuitionistic fuzzy sets (Ali et al., 2018; Yang
et al., 2017). Neutrosophic sets are seen as an extension of
intuitionistic fuzzy sets (Abdel-Basset et al., 2019) with the
ability to handle indeterminate data. AS reported, conven-
tional fuzzy approaches are not suitable to deal with indeter-
minate relations (Ali et al., 2018; Deli, 2017). More
precisely, Intuitionistic fuzzy sets can only tackle incomplete
information whereas neutrosophic sets can cope with inde-
terminacy and inconsistency. By definition, the former
assumes that the degrees of truth, indeterminacy, and falsity
sum up to one while the latter, on the other hand, allows
the decision-maker to quantify indeterminacy and inconsist-
ency by explicitly assigning independent membership func-
tions for truth, indeterminacy, and falsity (Deli, 2017; Kutlu
G€undo�gdu & Kahraman, 2020). So, neutrosophic sets are
defined by three membership values where each element of
the universe is characterized by a degree of truthiness, inde-
terminacy, and falsity, where the assigned values are
between,]-0,1þ[, the nonstandard unit interval (Bolturk &
Kahraman, 2018a; Salama & Alblowi, 2012; Smarandache,
2019). In neutrosophic sets, the uncertainty and inconsist-
ency that the decision-making problem possesses, are separ-
ately described. Two values, the truth (T: degrees of
belongingness), the falsity (F: non-belongingness) degrees,
represent uncertainty whereas the inconsistency is reflected
as indeterminacy (I: a degree of hesitancy) value (Bolturk &
Kahraman, 2018b; Karaaslan & Hayat, 2018). Considering
its purposive properties, the neutrosophic fuzzy environment
more realistically and accurately reflects many MCDM situa-
tions than the usual fuzzy framework does (Abdel-Baset
et al., 2019).

Due to its specified properties, neutrosophic sets based
fuzzy logic has been used in the solution of MCDM prob-
lems. Some application domains are as follows. Learning
management system selection, cloud service selection (Ma
et al., 2017), renewable energy alternative selection (Bolturk
& Kahraman, 2018a), supplier selection (M. Abdel-Basset
et al., 2018a, 2018b; M. Abdel-Basset et al., 2019a), and
security service selection (M. Abdel-Basset et al., 2019b). We
also see that neutrosophic sets have been integrated with a
variety, if not many, of MCDM techniques, such as
Analytical Network Process (ANP) and VIKOR (M. Abdel-
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Basset et al., 2019a), PROMETHEE (M. Abdel-Basset et al.,
2019b), AHP (Bolturk & Kahraman, 2018a; M. Abdel-Basset
et al., 2018a, 2018b). Considering the paucity of studies con-
ducted, new attempts integrating neutrosophic sets based on
fuzzy logic can offer novel contributions to decision-making
problems where uncertainty is an essential factor.

3. Novelty and research objectives

In conclusion, few studies are investigating the sustainability
impacts of alternative-fuel electric taxis in the literature.
Overall, all of the studies focused only on some environ-
mental impacts and life cycle cost impacts of alternative-fuel
taxi options with no emphasis on macro-level impacts or
consideration of a wide range of sustainability impact cate-
gories. Furthermore, there was no attempt to consider differ-
ent impact categories to provide comprehensive decision
support for the selection of the best alternative fuel option.

Considering the multiplicity of evaluation criteria of the
sustainable vehicle selection problem, it is seen as a complex
MCDM problem. In practice, researchers do not reach an
agreement on a set of criteria when dealing with an MCDM
problem even for the same practical case (Yilmaz et al.,
2019). Moreover, the relative importance attached to evalu-
ation criteria by decision-makers is strongly affected by sev-
eral factors including availability, and ambiguity of data,
background, and attitude of decision-makers (Lin et al.,
2008). Similarly, practitioners of LCSA generally use subject-
ive judgments and verbal expressions while eliciting proper
weights for evaluation factors relying on uncertain, indeter-
minate, and ambiguous data sources. For such judgments,
however, a precise numeric evaluation of alternative vehicles
based on the LCSA study by the decision-maker is not a
viable option. This necessitates a systematic approach that
could handle a high level of ambiguity and indeterminacy
while producing robust results (Erdo�gan & Kaya, 2016a).

To this end, neutrosophic sets based AHP comes to our
aid that enables us properly handling various types of uncer-
tainty in the decision-making process (Abdel-Basset et al.,
2018b; Bolturk & Kahraman, 2018b). After the weights of
criteria are determined with neutrosophic sets based on
AHP, the TOPSIS method is employed to determine the
best sustainable vehicle. TOPSIS is a widely used MCDM
approach with some promising properties such as simplicity
and visual interpretability of the results (Jiang et al., 2019;
Wang et al., 2019).

To this end, this study aims to achieve the follow-
ing objectives:

1. To develop a holistic life cycle sustainability assessment
method to quantify a wide range of sustainability
impacts representing three pillars of the United Nation’s
Sustainable Development Goals: environment, economy,
and society.

2. To quantify the regional and global triple-bottom-line
sustainability impacts of electric taxis for the first time
using a hybrid multiregional life cycle sustainability
assessment method.

3. To develop a multi-criteria decision support method for
the selection of best alternative-fuel taxis considering all
dimensions of sustainability, simultaneously.

4. To propose a novel neutrosophic set-based MCDM
method to deal with various types of uncertainty, such
as hesitancies, indeterminacies, and inconsistent infor-
mation that sustainable vehicle selection problems
may involve.

5. To provide an integrated sustainability assessment
framework for policy support for a selection of alterna-
tive fuel electric taxi options.

4. Methods

Two main approaches, Life Cycle Sustainability Assessment
(LCSA) and Multi-criteria Decision Making (MCDM) are
employed to present an integrated sustainability assessment
framework for the selection of alternative-fuel taxi options.
In this research, a comprehensive sustainability assessment
is conducted through developing an MRIO-based LCSA
model to holistically analyze the impacts of 13 macro-level
indicators concerning the environment, economy, and soci-
ety. The model is created to compare four-vehicle technolo-
gies of potential candidates for taxis in Qatar including
internal combustion vehicle (ICV), compressed natural gas
vehicle (CNG), hybrid electric vehicle (HEV), and battery
electric vehicle (BEV). CNG technology is included in the
analysis as the natural gas resource is abundant in Qatar
(world’s third-largest natural gas reserves) (GECF, 2016),
hence the inclusion of the CNG taxi option in the life cycle
assessment is crucial. The proposed hybrid LCSA model is
used due to its ability to cover the sustainability impacts
throughout the supply chains of fuels on a global level. Also,
an MCDM framework that combines Neutrosophic sets and
TOPSIS method is built to rank the alternatives based upon
their respective sustainability performance obtained from the
LCSA-MRIO model for the two analyzed charging scenarios.
In this study, IVN sets based AHP method is used to
address uncertainties and indeterminacies, and expert judg-
ments are used to determine the weights of each of the indi-
cators used for ranking. After determining the weights, the
alternative vehicle technologies options are ranked using the
TOPSIS method, considering the quantified TBL sustainabil-
ity impacts. For more details of the proposed MCDM
method with mathematical formulations, please refer to the
Section 5 of SI file.

4.1. System boundary

Figure 1 shows different vehicle’s life cycle phases, highlight-
ing the system scope which covers the vehicle’s operation
phase mainly due to its high influence on environmental
impacts relative to other life cycle phases. In Figure 1, each
process associated with each vehicle type is shown and their
relations are expressed in form of arrows. For example, gas-
oline production is associated with both HEV and ICV,
while the electricity generation process is only associated
with BEV. Because of data limitation, other phases (i.e.
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manufacturing and end of life) fall outside the scope of this
paper (Hawkins et al., 2013; Onat et al., 2015). All vehicles
introduced in Qatar are imported from outside, and there-
fore, estimating the impacts associated with the vehicle’s
manufacturing phase is challenging and highly depends on
the country of origin. Also, since the end-of-life vehicles in
Qatar are typically sent to landfills for disposal without
undergoing recycling processes, the end-of-life-related
impacts data become not available. Typically, the quantifica-
tion of the vehicle’s operation phase is conducted for two
parts, Well-to-Tank (WTT) and Tank-to-Wheel (TTW).
WTT represents the upstream impacts of fuels from raw
material acquisition to fuel production, distribution,
and delivery.

In the proposed MRIO-LCSA model, the WTT is fur-
ther divided into three key components, 1) inside Qatar
fuel supply (impacts of petroleum and compressed natural
gas production as well as electricity generation at power
plants inside Qatar), 2) inside Qatar sectors (impacts of
suppliers for fuels production inside the regional boundary
of Qatar excluding the fuel supply), and 3) outside Qatar
sectors (impacts of suppliers for fuels production outside
the regional boundary of Qatar). Whereas, TTW signifies
the vehicles’ direct impact which comprises tailpipe emis-
sions that release from vehicle exhaust during vehicle oper-
ation as a result of fuel combustion. 13 impact categories
representing the environmental, economic, and social
dimensions of sustainability are nominated for this sustain-
ability assessment and they are introduced in Table S2 in
(SI) file with a brief description for each. In this study, the
sustainability impacts are quantified using the MRIO-LCSA
model, with a functional unit of one kilometer (km) of
vehicle travel.

The impacts of electric vehicles are assessed under two
policy scenarios, Scenario 1 is based on the current

electricity grid mixes in Qatar, and Scenario 2 is a futuristic
scenario where electricity is assumed to be entirely produced
by solar energy. Four different vehicle technologies of sedan
type are considered, ICV, HEV, CNG, and BEV. Later, after
the quantification process, this study uses two MCDM
approaches, namely, neutrosophic sets and TOPSIS to rank
the vehicle alternatives based on their respective sustainabil-
ity performance.

4.2. Hybrid life cycle modeling

The life cycle impact quantification for the vehicle’s oper-
ation phase is conducted using the MRIO-LCSA model for
its capability to cover the supply chains related impacts on a
global scale. The impacts associated with gasoline produc-
tion, compressed natural gas supply, and electricity gener-
ation are the major components of WTT analysis for this
study. To calculate WTT impacts resulting from each fuel
supply along with the associated supply chains inside and
outside Qatar, we extract the upstream impact factors from
the proposed MRIO-LCSA model using a common database
in life cycle analysis, the EXIOBASE 3.4. Besides, we used
the vehicle fuel efficiency (the fuel amount required to travel
one km) to perform the impact calculations, given below in
Table 1. The fuel efficiency values reflect the real-world
driving conditions (experimental values in 2019) and are
obtained from the taxi operating company (a semi-govern-
ment organization that owns and operate all the taxis
in Qatar).

Figure 1. System boundary and scope.

Table 1. Fuel Efficiency of alternative vehicle technologies.

ICV
(L/100 km)

CNG
(m3/100 km)

HEV
(L/100 km)

EV
(kWh/100 km)

Fuel Efficiencies 7.1 5.375 4.5 18.7
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The WTT impacts related to gasoline production are
evaluated for ICVs and HEVs and are computed by multi-
plying the upstream impact factors to produce per liter of
gasoline, taken from the MRIO model, provided in Table
S4, by the corresponding fuel efficiency of these vehicles.
Also, since natural gas reserves are very abundant in Qatar,
the impacts associated with the compressed natural gas pro-
duction are considered in the WTT analysis. In the same
way, the upstream impacts resulting from CNG vehicles are
computed by multiplying the upstream impact factors of the
production of a cubic meter of compressed natural gas,
extracted from the established MRIO model, introduced in
Table S5, by the respective vehicle’s fuel efficiency.
Furthermore, electricity supply-related impacts are analyzed
for BEVs, and since the existing electric power infrastructure
in Qatar relies entirely on natural gas to generate electricity,
the upstream impacts related to natural gas-based electricity
generation are included in the analysis. The calculation of
WTT impacts produced from the electricity supply is like-
wise performed by multiplying the BEV fuel efficiency by
the respective impact factor per 1 kWh of natural gas-based
electricity generation, derived from the developed MRIO
model, shown in Table S6. Also, the impacts of generating
1 kWh electricity by solar are considered and computed in a
similar way to the calculation of electricity by natural gas
impact using the impact factors given in Table S7. In
Scenario 2, all the potential impacts associated with estab-
lishing a solar energy power plant, encompassing all activ-
ities in its supply chains such as manufacturing of solar
panels, as well as the energy required to manufacture solar
panels. Eq. 1 shows the total WTT impact per vehicle km
travel which can be used for either gasoline supply, com-
pressed natural gas production, or electricity generation dur-
ing the operation phase;

SIi ¼ FEm�½UIF fuel supplyð Þi þ UIF inside Qatar sectorsð Þi
þ UIF outside Qatar sectorsð Þ � (1)

where SI: denotes the sustainability impact, i: denotes the
sustainability indicator (environmental, economic, social),
FE: indicates the vehicle fuel efficiency, m: represents the
vehicle type, and UIF: represents upstream impact factors
derived from the proposed MRIO-LCSA model.

On the other hand, in TTW analysis, the resulting tail-
pipe emissions occurring during vehicle operation due to
fuel combustion are calculated for all vehicle types except
for BEVs as BEVs operate on electricity and therefore have
no tailpipe emissions. The total TTW impact for each
vehicle is quantified by multiplying the vehicle fuel effi-
ciency by the corresponding tailpipe emission factors. The
tailpipe emission factors for burning a liter of gasoline and a
cubic meter of compressed natural gas during the vehicle’s
operation are obtained from a commonly used fuel-cycle
model in life cycle studies, the Greenhouse Gases, Regulated
Emissions, and Energy Use in Transportation (GREET
1) model.

5. Quantitative life cycle sustainability assessment

The results of the selected environmental, social, and eco-
nomic impact categories are presented in this section for the
studied alternative vehicles concerning the fuel supply and
the associated supply chains inside and outside Qatar, as
well as the tailpipe emissions during vehicle operation.
Seven environmental impact categories; GWP, PMF, POF,
water withdrawal, water consumption, energy use, and land
use are presented for each alternative vehicle option in
Figure 2. The impact results of each of GWP, PMF, and
POF are given in Figure 2a–c, respectively, for each
vehicle technology.

As shown, in GWP, PMF, and POF impact categories,
the contribution of tailpipe impact for ICV, HEV, and CNG
dominates the total impact of each technology. On the con-
trary, as BEVs run on electricity, their respective tailpipe
impact is zero. In scenario 1, where BEVs are charged with
electricity generated from natural gas, the great majority of
BEVs impacts occur in the electricity generation power
plant, while in scenario 2, when BEVs are powered with
solar energy, the associated GWP, PMF, and POF impacts
occur in the global supply chains of the electricity gener-
ation sector, and this makes up the majority of BEVs’ total
impact. In comparison, solar-powered BEVs are found to be
far superior to BEVs powered with electricity generated by
natural gas in terms of GWP, PMF, and POF impacts as
solar-powered BEVs produce 99%, 95%, and 98% fewer
impacts respectively. According to the results, the impacts
inside the regional boundaries of Qatar including those asso-
ciated with the fuel supply, the impacts of suppliers for pet-
roleum and electricity production sectors within Qatar, and
tailpipe impacts dominate the total impacts of all vehicle
types with at least 96% of each vehicle’s total to GWP, PMF,
and POF. Whereas, when BEVs are charged with solar
energy, the global supply chain-related impacts dominate
the total contribution to these impact categories with
approximately 74-87% of the total impact. All in all, BEVs
perform better than all other alternatives for GWP, PMF,
and POF impact categories and their performance becomes
the best when they are charged with solar energy. In con-
trast, ICVs produce the largest GWP impact relative to other
alternatives and CNG was found to be the worst vehicle
option in terms of PMF and POF impacts.

Figure 2 d and e also presents the water footprint impacts
for each vehicle alternative, represented by water withdrawal
and water consumption respectively. As can be seen, the fuel
supply is the highest contributor to water withdrawal impact
for BEVs powered by electricity from natural gas, while sup-
pliers’ impacts within Qatar for the petroleum production sec-
tor compose the great majority of the total water withdrawal
impact for ICVs and HEVs. Whereas, the global supply chain-
related impacts represent the dominant source of impact for
CNGs and solar-powered BEVs. In this impact category, BEVs
in scenario 1, is the most water-intensive vehicles compared
to other alternatives, mainly due to substantial water with-
drawals resulted from the natural gas-based electricity gener-
ation process. On the contrary, solar-powered BEVs in
scenario 2 and CNGs in scenario 1 shows the minimum
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impacts compared to other alternatives. In the water con-
sumption impact category, more than 97% of the total impact
in all vehicle types comes from the global supply chains. BEVs
powered by electricity from natural gas represent the vehicle
alternative with the minimum water consumption impact

generated from the outside the regional boundary of Qatar,
with 73% of BEV’s total. For BEVs in scenario 1, after the glo-
bal supply chains, the fuel supply impact has the second-larg-
est contribution. Overall, ICV has the highest water
consumption, while the least water-intensive vehicle is the

Figure 2. Environmental impact results.
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CNG in both scenarios. On the other hand, a great majority
of the water consumption is stemming from the global supply
chain of gasoline production in Qatar. This finding shows the
importance of boundary selection in LCA and how It could
have been underestimated with a narrower boundary where
supply chains are excluded.

Energy input from nature is shown in Figure 2f. The
results show that the great majority of this impact occurs in
the fuel supply for all vehicle types, accounting for at least
90% of each vehicle’s total Energy input from nature impact.
For BEVs powered with electricity by natural gas, the supply
chain-related impacts inside Qatar represents the dominant
source of Energy input impact with 99% of their total. ICVs
have the largest energy input impact, while BEVs account
for the least and thereby are better options relative to other
alternatives and their performance becoming the best when
powered by solar energy. Shifting from ICV to solar-pow-
ered BEVs can reduce the energy input impact by 95%.
Figure 2g shows the land use impact results, and as shown,
the supply chain impact occurring outside Qatar is the larg-
est contributor to the total land use for all vehicle types,
accounting for at least 97% of each vehicle’s total. Overall,
ICV is the most energy-intensive vehicle, while CNG
appears to be the best option in both scenarios.

Figure 3a–c depicts the social impact results of three
macro-level indicators: the compensation, employment, and

human health impact, respectively. As can be seen, the
power plants and their supply chains inside and outside
Qatar represent the dominant sources of benefits to com-
pensation and employment for all vehicle types. In compen-
sation, at least 88% of the total benefit occurs inside Qatar
for all vehicle types with an exception for solar-powered
BEV where most of its related benefit (53%) takes place in
the global supply chain. In employment, over 60% of the
benefit for ICV and HEV occur inside Qatar, and around
90% and 75% of the total employment for CNG and BEV
respectively occur in the regional boundary of Qatar.
Whereas, the contribution of inside Qatar benefits to
employment decreases sharply to around 27% for BEVs
when charged by solar energy. As shown, ICV generates the
largest benefit in compensation and employment, while
CNGs represent the worst option in these categories. On the
contrary, in human health, tailpipe impact is the highest
contributor for all vehicle options, with around 93% of each
vehicle’s total human health impact except for BEVs as they
have zero tailpipe impacts. For BEVs in scenario 1, the elec-
tricity generation sector is the dominant source of impact
on human health, accounting for around 90% of BEV’s total
impact. As can be seen, ICV has the worst performance in
the human health impact, while BEV has better performance
than other alternatives especially when charged by
solar energy.

Figure 3. Social impact results.
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The economic impacts are also analyzed and presented in
Figure 4a–c for three macro-level indicators: total tax, oper-
ating surplus, and GDP, respectively. The fuel supply is
found to have the largest contribution to all the above-men-
tioned economic impact categories for all vehicle types. For
BEVs in scenario 1, the fuel supply and its supply chains
inside the regional boundary of Qatar represent the two
dominant sources of impact to GDP, with roughly 48% and
49% of total contribution to GDP respectively. Furthermore,
the contribution of BEVs in scenario 1 to operating surplus
takes place mainly in the supply chains of the electricity
generation sector within Qatar, accounting for approxi-
mately 70% of the total operating surplus. Overall, ICVs are
more profitable compared to other options for these three
economic indicators. On the contrary, in GDP, CNG has
the worst performance in both scenarios. In total tax and
operating surplus, CNG and BEV powered by electricity
generated from natural gas represent the worst options
respectively in scenario 1, while solar-powered BEV and
CNG generate the least profit respectively in scenario 2.

6. A Systematic ranking of alternative fuel vehicles

The sustainable vehicle selection problem has several dimen-
sions to be considered. Thus, it can be seen as an MCDM
problem with contradicting multiple criteria. Furthermore,
although the performance of each alternative vehicle on the
selection criteria can be numerically quantified with ease,
the preference relations established by the decision-makers

over the evaluation criteria are highly subjective and involve
various types of uncertainties. Given this motivation, we
propose a two-stage approach to deal with this problem.
The ranking model used IVN-AHP to determine the weights
of the evaluation criteria. The obtained weights are used in
TOPSIS to evaluate the alternatives.

In this study, a combined methodology of IVN-AHP and
TOPSIS is proposed for the performance evaluation of 4
alternative vehicle technologies, ICV, HEV, CNG, and BEVs
(both scenarios, when electricity is generated exclusively by
natural gas and when generated entirely from solar energy).
The framework is built upon the quantification of 13
macro-level sustainability indicators from environmental,
economic, and social perspectives. We performed firstly neu-
trosophic AHP to determine the weights of main and sub-
criteria as explained in the following section.

6.1. Stage 1: IVN-AHP

Step 1. The decision hierarchy is determined based on the
three pillars of sustainability, namely, economic (EC),
social (S), and environmental (ENV) sustainability. The
three dimensions are employed as the main criteria where
sub-criteria used under them are collectively determined
by the experts.

Step 2. The pairwise comparison matrices are determined
based on the verbal evaluation of three experts. Then, the
verbal judgments are converted to IVN sets using the

Figure 4. Economic impact results.
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importance scale in Table S3. The IVN evaluation of the
main criteria by experts is given in Table 2.

Pairwise comparison matrices for sub-criteria under the
three main criteria are obtained with respect to expert
judgments and given in Tables S8–S10. The aggregated
neutrosophic pairwise comparison matrix for main and
sub-criteria is also shown in Tables S11–Table S14.

Step 3. Next, we calculate the normalized weights of the cri-
teria by using the given interval-valued neutrosophic evalu-
ation scale. Tables S15–S18 provide the obtained
normalized weights for main and sub-criteria.

Step 4. The final combined IVN weights of the main and
sub-criteria are calculated in this step and presented in
Tables S19–S20.

Step 5. Given the combined IVN weights, we apply the
deneutrosophication procedure to obtain the crisp weights.
The final weights are given in Table 3 which indicates that
the three pillars of sustainability have received almost equal
scores based on an expert evaluation with neutrosophic
sets based on AHP. Also, a closer look at the Table 3
reveals that Human Health (0, 22), GDP (0, 17), and
Water Consumption (0, 11) are obtained as dominant sub-
criteria under the three main areas of sustainability,
respectively.

6.2. Stage 2: Application of TOPSIS

This sub-section summarizes the details of the application of
TOPSIS which employs the weights obtained in the previous
stage of the case study.

Step 1. Performance values of each vehicle on the evaluation
criteria are summarized in matrix form and can be seen in
Table S21, where Ai denotes alternativei, and Xij quantita-
tive performance of alternative i for j th criteria.

Step 2. This step serves the purpose of normalization of the
decision matrix and the obtained matrix is given in
Table S22.

Step 3. Next, we construct the weighted normalized decision
matrix by multiplying the normalized decision matrix by
corresponding global weights obtained with IVN-AHP.
The results are shown in Table 4.

Step 4. We build two artificial solutions, namely, the positive
Ideal (Y�) and Negative Ideal (Y�) solutions are obtained.

Step 5. The relative closeness coefficients to the ideal solu-
tions are shown in Table 5.

The higher Ci, the closer it is to the positive ideal solution
and the further it is from the negative ideal solution.

Step 6. Finally, alternatives are ranked in descending order
by their respective closeness coefficients, where the highest
value indicating the preferable alternative.

6.3. Rankings

Building on the sustainability results obtained by the devel-
oped MRIO-LCSA model, an MCDM model that combines
IVN-AHP and TOPSIS method is built for ranking four
alternative vehicles, ICV, CNG, HEV, and BEV (both scen-
arios, a 100% natural gas electricity generation mix, and a
100% solar electricity generation mix). It should be noted
that a higher value of the closeness coefficient indicates that
an alternative better resembles the positive ideal solution
and differs widely from the negative ideal solution
simultaneously.

From Figure 5, when all sustainability impact categories
are considered for vehicle selection, the solar-powered BEV
achieves the best performance as it has the highest closeness
coefficient value, while CNG, BEV, and HEV demonstrate
similar performance. Given the closeness of the obtained
scores, it is seen that it is not possible to make a healthy dis-
tinction between these three alternatives. On the other hand,
the conventional ICV ranks as the worst alternative since it
has the lowest closeness coefficient value.

7. Conclusion and future work

The main focus of this paper is that it takes into account
the TBL indicators when quantifying the life cycle impacts
of the alternative vehicles and integrates them into an
MCDM framework that combines the neutrosophic sets
based AHP and the TOPSIS method to rank these alterna-
tives based upon their respective sustainability performance.
The primary motivation of exploiting Neutrosophic sets
based AHP-TOPSIS methodology was its ability to handle
various types of uncertainty such as hesitancy, indetermin-
acy, and inconsistent information that ambiguate the nature
of the decision-making process by the experts. The following

Table 2. Pairwise comparison matrix for main criteria.

EC S ENV

Expert 1
EC h[0,5,0,5],

[0,5,0,5],
[0,5,0,5]i

h[0,6,0,7],
[0,25,0,35],
[0,3,0,4]i

h[0,5,0,5],
[0,5,0,5],
[0,5,0,5]i

S h[0,3,0,4],
[0,25,0,35],
[0,6,0,7]i

h[0,5,0,5],
[0,5,0,5],
[0,5,0,5]i

h[0,4,0,5],
[0,55,0,65],
[0,5,0,6]i

ENV h[0,5,0,5],
[0,5,0,5],
[0,5,0,5]i

h[0,5,0,6],
[0,55,0,65],
[0,4,0,5]i

h[0,5,0,5],
[0,5,0,5],
[0,5,0,5]i

Expert 1
EC h[0,5,0,5],

[0,5,0,5],
[0,5,0,5]i

h[0,55,0,65],
[0,3,0,4],
[0,35,0,45]i

h[0,4,0,5],
[0,55,0,65],
[0,5,0,6]i

S h[0,35,0,45],
[0,3,0,4],
[0,55,0,65]i

h[0,5,0,5],
[0,5,0,5],
[0,5,0,5]i

h[0,4,0,5],
[0,55,0,65],
[0,5,0,6]i

ENV h[0,5,0,6],
[0,55,0,65],
[0,4,0,5]i

h[0,5,0,6],
[0,55,0,65],
[0,4,0,5]i

h[0,5,0,5],
[0,5,0,5],
[0,5,0,5]i

Expert 3
EC h[0,5,0,5],

[0,5,0,5],
[0,5,0,5]i

h[0,65,0,75],
[0,2,0,3],
[0,25,0,35]i

h[0,5,0,5],
[0,5,0,5],
[0,5,0,5]i

S h[0,25,0,35],
[0,2,0,3],
[0,65,0,75]i

h[0,5,0,5],
[0,5,0,5],
[0,5,0,5]i

h[0,4,0,5],
[0,55,0,65],
[0,5,0,6]i

ENV h[0,5,0,5],
[0,5,0,5],
[0,5,0,5]i

h[0,5,0,6],
[0,55,0,65],
[0,4,0,5]i

h[0,5,0,5],
[0,5,0,5],
[0,5,0,5]i
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conclusions are drawn based upon the life cycle assessment
and MCDM results:

� For the environmental impacts, ICV performs the worst
in GWP, water consumption, energy inputs, and land
use, while CNG produces the largest PMF and POF
impacts. On the other hand, solar-powered BEV is over-
all a favored option for the studied environmental
impacts except for water consumption and land use,
where CNG vehicles achieve the best performance in
these categories.

� According to analysis results, over 95% of GWP, PMF,
and POF impacts occur inside the regional boundary of
Qatar for all vehicle types, except for solar-powered BEV
where the majority of its impacts occur in the global sup-
ply chains.

� In water consumption and land use categories, the global
supply chain is found to be the largest contributor to all
vehicle types. Conversely, in the energy inputs category,
the regional boundary impacts account for the largest
contribution to all vehicles including solar-powered elec-
tric vehicles. Whereas, in the water withdrawal category,
the majority of the impact for ICV, HEV, and BEV takes

place within Qatar, while 90% of the impact for CNG
and solar-powered BEV occurs outside Qatar.

� In social impact categories, solar-powered BEVs perform
better than all other alternatives in human health impact,
whereas, ICVs are the best options in terms of compen-
sation and employment generation.

� The majority of human health impacts, compensation,
and employment generations take place inside the
regional boundary of Qatar for all vehicle types, while
for solar-powered BEVs, the global supply chain is the
dominant contributor to these impacts.

� The economic impacts assessment revealed that ICVs are
the best options in total tax, operating surplus, and GDP
impact categories as opposed to BEVs.

� The majority of the three studied economic benefits are
generated inside the regional boundary of Qatar for all
vehicle types.

� In terms of sustainability performance, the ranking
results showed that solar-powered BEVs are superior to
other options, followed by CNG, followed by BEV pow-
ered by electricity generated from natural gas, followed
by HEV, while ICVs have the worst performance.

The proposed integrated sustainability assessment frame-
work can be useful for policy decisions when selecting or
promoting one alternative fuel vehicle among multiple
options with consideration of multiple macro-level sustain-
ability indicators, which are often in conflict with one
another. To this end, when determining the importance of
sustainability indicators, stakeholder perspectives can be effi-
ciently integrated into a single assessment mechanism, and

Table 3. The deneutrosophicated weights of main and sub-criteria.

Main criteria Local weight Sub-criteria Local weight Global weight

Environmental 0.36 GWP (neg) 0,302 0,109
PMF (neg) 0,067 0,024
POF (neg) 0,067 0,024
Land use (neg) 0,066 0,024
Energy Inputs from Nature: Total (neg) 0,064 0,023
Water Consumption (neg) 0,307 0,110
Water Withdrawal (neg) 0,126 0,045

Social 0.30 Human Health (neg) 0,732 0,220
Compensation (pos) 0,152 0,046
Employment (pos) 0,116 0,035

Economic 0.34 GDP (pos) 0,509 0,173
Total Tax (pos) 0,145 0,049
Operating Surplus (pos) 0,346 0,118

Table 4. Weighted normalized decision matrices.

GWP (neg) PMF (neg) POF (neg) Land use (neg)

Energy Inputs
from Nature:
Total (neg)

Water
Consumption

(neg)
Water

Withdrawal (neg)

ICV 0,0768 0,0591 0,0580 0,0842 0,0841 0,0726 0,0047
CNG 0,0541 0,0792 0,0795 0,0059 0,0401 0,0096 0,0000
HEV 0,0487 0,0374 0,0367 0,0534 0,0533 0,0460 0,0029
EV 0,0254 0,0261 0,0286 0,0367 0,0176 0,0637 0,1087
EV (Solar) 0,0003 0,0014 0,0007 0,0228 0,0038 0,0175 0,0001

Human
Health (neg)

Compensation
(pos)

Employment (pos) GDP (pos) Total Tax (pos) Operating
Surplus (pos)

ICV 0,0739 0,0810 0,0814 0,0877 0,0031 0,0081
CNG 0,0594 0,0205 0,0154 0,0179 0,0006 0,0016
HEV 0,0469 0,0513 0,0516 0,0556 0,0020 0,0052
EV 0,0257 0,0367 0,0316 0,0195 0,0009 0,0011
EV (Solar) 0,0005 0,0299 0,0364 0,0195 0,0002 0,0019

Table 5. Positive–negative closeness coefficients values.

s�i s�i Ci

ICV 0,218 0,108 0,332
CNG 0,141 0,194 0,578
HEV 0,130 0,147 0,532
EV 0,138 0,162 0,540
EV (Solar) 0,030 0,241 0,890
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hence, optimal selections can be provided by considering all
stakeholder’s perspectives. Furthermore, the proposed frame-
work can be applied in different regions around the world
as each country has Its unique supply-chain characteristics
which would likely to show different results depending on
the characteristics of their supply chains.

In this paper, the researchers proposed an integrated sus-
tainability assessment framework, which is a flexible and
transparent approach. Hence, the framework can be applied
to any selection problem aiming to reveal the most sustain-
able option among many others in different regions in the
world. In the future, other MCDM methods and their exten-
sion through the use of other fuzzy sets, such as hesitant
fuzzy sets, intuitionistic sets, Pythagorean, type-2 fuzzy sets,
or spherical fuzzy sets are considered to lead this work. The
complex relationships among the sustainability indicators
can better be captured using system dynamics models (Kelly
et al., 2019; Kutty et al., 2020). Advanced eco-efficiency
assessment models (Abdella et al., 2021a, 2021b) can be use-
ful to address the selection problem of alternative vehicle
technologies with multiple conflicting attributes. .
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