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Rapid urbanization and environmental concerns have accelerated the transition to sustainable public trans-
portation alternatives in place of traditional internal combustion engine vehicles. Electric buses (EBs) are
emerging as a competitive alternative due to their economic, social and environmental advantages. This study
focuses on providing practical guidance for integrating sustainable EB solutions into urban transit networks. In
this study, an integrated approach is proposed, encompassing a combined picture fuzzy logarithmic decompo-
sition of criteria importance (PF-LODECI) and picture fuzzy alternative ranking technique based on adaptive
standardized intervals (PF-ARTASI) methods to support the evaluation and selection of EBs under uncertainty.
Unlike prior studies that often focus solely on economic or environmental criteria, this research adopts a
comprehensive perspective by incorporating economic, technical, environmental, and social dimensions. A real-
world case study in Tiirkiye is conducted; five electric bus alternatives are evaluated based on four main criteria
and twenty-seven sub-criteria. Furthermore, the stability and consistency of the results obtained are confirmed
through the implementation of a sensitivity analysis. In addition, the findings offer insights into the economic
and welfare implications of electric bus adoption in large urban public transport systems, particularly in terms of
cost efficiency, externality reduction, and service quality improvements.

1. Introduction

Rapid urbanization and increasing population densities in cities have
led to numerous challenges, particularly in transport infrastructure. The
extensive reliance on internal combustion engine vehicles has played a
significant role in increasing traffic density and worsening air pollution
in city environments (Hilmola, 2011). These social and technical issues
highlight the need for policy makers and urban planners to encourage a
shift from the private car to the public transport system. Public transport
plays an important role in urban mobility. It reduces traffic congestion
and provides accessible transport options for city dwellers. Among
public transport modes, buses are cost-effective, flexible and often su-
perior in terms of capacity and speed. With growing concerns about,
greenhouse gas (GHG) emissions, climate change and fossil fuel
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dependency, the transition to sustainable transport has become an ur-
gent global priority. Within this context, public bus systems represent
one of the most impactful intervention points for achieving rapid and
large-scale emission reductions in urban mobility. According to the
European Environment Agency, existing policies and initiatives are ex-
pected to result in greenhouse gas emissions from transport reaching
1990 levels by 2030. In addition to encouraging a modal shift to public
transportation and active mobility modes, the majority of planned pol-
icies and measures in the transport sector concentrate on promoting
low-carbon fuels or zero-emission technologies (EEA, 2025). Air pollu-
tion from emissions caused by fossil fuels emphasizes the significance of
adopting alternative clean energy sources, such as utilizing electrifica-
tion for public transportation (Varghese & Pradhan, 2025).

One of the most pressing issues in transport is sustainability.
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Sustainable transport refers to mobility solutions that not only meet
current needs, but also protect the environment and human health,
promote economic growth and ensure social equity (Deakin et al.,
2002). In this context, the integration of environmentally friendly ve-
hicles with advancing technology is essential. Many cities around the
world have increasingly adopted electric buses due to their lower
emissions and numerous economic and social benefits. The electrifica-
tion of public transport, particularly through EBs, is gaining attention as
an effective strategy to reduce carbon emissions and improve energy
efficiency (Li et al., 2024; Maybury et al., 2022). China has the world's
highest share of electric buses at 30%; this percentage is 2% across
Europe, which has the second-largest electric bus fleet (IEA, 2025). The
total number of buses classified as battery electric vehicles (BEVs) in
Europe increased from 431 in 2015 to 29,190 in 2025 (EAFO, 2026). The
growing adoption of EBs is largely driven by stricter environmental
regulations aimed at reducing emissions in public transport (UITP,
2017). Electric buses not only help lower greenhouse gas emis-
sions—particularly when fueled by renewable energy, but also consume
less energy and generate much less noise compared to traditional diesel
or petrol-powered buses (Mahmoud et al., 2016; Teoh et al., 2018). In
addition to their benefits for the environment, EBs can have a compet-
itive total cost of ownership when compared to alternative fuel sources
due to their lower maintenance and fuel costs (Aslund & Petters-
son-Lofstedt, 2023). The transition to sustainable transport has signifi-
cant economic benefits, as EBs offer lower operating and maintenance
costs. Many governments are actively promoting the introduction of
electric buses, recognizing their long-term benefits. Studies suggest that
electric buses will increasingly replace traditional fossil fuel-powered
models over the next decade (Pagliaro & Meneguzzo, 2019). Further-
more, projections suggest that electric vehicles could account for up to
80% of total vehicle sales by 2040 (Li et al., 2018). Despite these
promising trends, the practical implementation of electric bus systems
remains a complex strategic decision that requires careful evaluation of
multiple, interdependent criteria.

As cities continue to look for sustainable transport solutions, electric
buses are expected to play a key role in shaping the future of urban
mobility. The electrification of public transportation, particularly
through electric buses (EBs), has emerged as a viable solution to reduce
carbon footprints and enhance energy efficiency (Li et al., 2024; May-
bury et al., 2022). However, the adoption and evaluation of EBs require
a structured decision-making approach that accounts for multiple, often
conflicting, criteria such as cost, technical feasibility, environmental
impact, infrastructure readiness, and social acceptance (Varghese &
Pradhan, 2025). Multi-criteria decision-making (MCDM) approaches
have been extensively utilized in the fields of transportation planning
and sustainability to enhance decision-making efficiency in intricate
situations (Hamurcu & Eren, 2020; Pradhan et al., 2022). Traditional
MCDM methods, while effective, often fail to fully capture the uncer-
tainty and hesitation inherent in expert judgments. This limitation is
particularly critical for electric bus selection, where decision-makers
(DMs) must evaluate emerging technologies under incomplete data,
evolving policy frameworks, and uncertain operational conditions. In
order to address this gap, this study proposes a theoretically grounded
model of decision-making that utilizes the LODECI and ARTAS methods
under the picture fuzzy (PF) environment. These methods offer a refined
approach to handling vagueness and ambiguity in assessments.

From a theoretical perspective, the selection of electric buses for
urban public transport systems can be conceptualized as a socio-
technical and sustainability-oriented decision problem. Such decisions
simultaneously involve technological performance, economic feasi-
bility, environmental impact, institutional arrangements, and social
acceptance, which are widely recognized as core dimensions of sus-
tainable transport planning (Deakin et al., 2002; Manzolli et al., 2022;
Varghese & Pradhan, 2025). In this context, electric bus adoption cannot
be evaluated solely through technical efficiency or cost-based criteria,
but rather requires an integrated decision-making framework capable of
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capturing trade-offs among multiple sustainability dimensions under
uncertainty. This theoretical viewpoint provides the conceptual foun-
dation for employing advanced multi-criteria decision-making ap-
proaches in sustainable public transport planning. This
conceptualization directly motivates the use of advanced fuzzy MCDM
approaches that can represent not only preferences, but also indecision
and neutrality in expert evaluations.

Due to the intrinsic uncertainty that is characteristic of complex
MCDM problems, the decision makers (DMs) may encounter difficulties
in articulating their judgments in terms of unambiguous information.
The fuzzy set (FS) theory, as proposed by Zadeh (1965), was developed
as a theoretical framework to address the management of uncertainty in
information processing. Subsequently, Atanassov (1986) pioneered the
development of intuitionistic fuzzy sets (IFS) as an extension of fuzzy
sets, providing a framework capable of yielding more flexible solutions
when confronted with uncertainties. Cuong and Kreinovich (2013)
proposed picture fuzzy sets (PFS) as an extension of IFS. As an extended
version of FS, PFS have been considered to be a highly versatile and
successful approach to addressing uncertainty in decision-making situ-
ations (Alshamrani et al., 2025). PFS has been utilized in a variety of
research areas such as selection of healthcare waste disposal technique
(Mishra et al., 2024), selection of blockchain platforms for the logistics
sector (Rani et al., 2025), analyzing the performance of manufacturing
sectors in relation to circular supply chain management (Saraji &
Streimikiene, 2022), determination of the most appropriate technology
to convert waste into energy (Kumar et al., 2023), assessment of soft-
ware reliability (Yue, 2020) along with similar research subjects.

In the context of electric bus selection, expert evaluations frequently
involve neutral or hesitant judgments due to incomplete operational
data, evolving charging technologies, infrastructure readiness, and un-
certain regulatory environments. Conventional fuzzy and intuitionistic
fuzzy approaches are limited in explicitly representing such decision
states. Picture fuzzy sets are particularly well suited to EB selection
problems, as they simultaneously model positive, negative, neutral, and
refusal degrees, thereby offering a more realistic and comprehensive
representation of expert judgment structures in sustainable public
transport planning. This methodological advantage of picture fuzzy sets
over conventional and intuitionistic fuzzy approaches has been widely
acknowledged in the decision-making literature, particularly for com-
plex problems characterized by expert hesitation, neutrality, and
ambiguous information (Cuong, 2014; Wei & Gao, 2018).

The motivation of this study stems from the urgent need for sus-
tainable and efficient urban mobility solutions. Public transportation,
while essential for reducing congestion and emissions, is heavily reliant
on fossil fuels, making it a significant contributor to air pollution and
environmental degradation (Manzolli et al., 2022). Although electric
buses offer a promising alternative, transportation authorities face a
critical challenge: how to systematically select the most appropriate
electric bus model among many competing alternatives under uncer-
tainty. The adoption of EBs offers a promising alternative, but selecting
the most suitable model requires a methodical evaluation process that
integrates diverse perspectives and technical considerations. Accord-
ingly, the primary aim of this study is to develop a robust, theoretically
grounded, and practically applicable decision-support framework for
electric bus selection under uncertainty. Specifically, by integrating
PF-LODECI and PF-ARTASI methods, this study seeks to determine
reliable weights for a comprehensive set of sustainability-oriented
criteria, and rank competing electric bus alternatives in a way that
explicitly accounts for expert hesitation and neutrality. A real-world
case study from Tiirkiye is used to demonstrate the applicability and
policy relevance of the proposed framework. Previous studies on EB
evaluation have primarily focused on either economic or environmental
factors (Rodrigues & Seixas, 2022). Although more recent studies have
begun to incorporate additional technical, social, or institutional di-
mensions, these criteria are often examined separately or represented
through a limited number of sub-criteria, without a fully integrated
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evaluation structure. This study addresses this limitation by simulta-
neously considering four main and twenty-seven sub-criteria within a
unified picture fuzzy decision framework. These objectives are grounded
in the theoretical assumption that sustainable electric bus selection
constitutes a complex decision problem under uncertainty, where expert
judgments cannot always be expressed in binary or fully confident
terms. Accordingly, the proposed PF-based framework is designed to
operationalize this theoretical assumption by explicitly modeling posi-
tive, negative, neutral, and refusal judgments within the
decision-making process. This research integrates a broader set of
criteria, including social and institutional aspects, to provide a more
holistic assessment. By addressing these objectives, this study contrib-
utes to the advancement of sustainable transportation and
decision-making methodologies, fostering a more environmentally
friendly and efficient urban mobility system. The study aims to compare
five different electric buses supplier based on four main criteria and
twenty-seven sub-criteria and make appropriate choices. In this study,
the public transportation of Tiirkiye is investigated. Therefore, the
LODECI (Pala, 2024) and ARTASI (Pamucar et al., 2024) methods are
integrated within the PF environment to select the most suitable alter-
native electric bus. The weights of the criteria are determined by PF-
LODECI and then by using PF- ARTASI the alternatives are ranked. EB3
is determined as the best alternative according to the determined criteria
for Tiirkiye.

This study makes several contributions to the field of sustainable
transportation and fuzzy sets. The main contribution of this study is,
unlike conventional approaches, that it considers a broad set of factors
including economic, environmental, technical, institutional, and social
dimensions, ensuring a holistic assessment of EBs. To the best of our
knowledge, this study, which is the first to use the PFLA approach in the
evaluation of sustainable public transport systems, is a pioneering
initiative in the literature. Secondly, the proposed methodology is
applied to an EB selection scenario in Tiirkiye, offering valuable insights
for policymakers and urban planners. Another contribution of this
research is, the robustness of the proposed model is validated through
sensitivity analyses that ensures its reliability in diverse decision-
making scenarios. These contributions address key gaps in the litera-
ture and provide a systematic approach to EB selection, emphasizing
data-driven decision-making in sustainable transportation policies.

The following sections of the article are organized as the follows:
Section 2, provides a concise summary of the existing literature. Section
3, the case study is presented, the scope is defined, and the proposed
methodologies are explained. Section 4 constructs a proposed electric
bus performance evaluation framework using an integrated PF- LODECI
& ARTASI approach and presents a case study in Tiirkiye using the
proposed framework. Finally, section 5 concludes the study and pro-
vides some future research directions and implications for researchers in
the field.

2. Related studies

In this section, a concise survey of the extant literature on electric
vehicle (EV) evaluations and case studies of former research is provided,
together with literature on the MCDM approaches used in EV selection.

2.1. Research and analysis of electric transportation

The heightened sensitivity to climate change, attributable to the
escalating emissions of GHG, and the financial losses incurred from
energy have prompted numerous countries to explore alternative energy
sources in lieu of fossil fuels. Electrification of the transportation sector
is being prioritized by many countries in order to support the transition
to net zero, as decarbonization is assuming increasing importance
(Maybury et al., 2022). The contemporary resurgence of EVs can be
attributed to a number of factors, including advancements in battery
technology, increased government focus on vehicle emissions and air
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quality standards, and a growing awareness of environmental sustain-
ability (Coffman et al., 2017). The adoption of EVs has been shown to
offer numerous advantages, which include reduced carbon emissions,
ease of use, high levels of intelligence, and the capacity to facilitate
dynamic grid services through vehicle-to-grid (V2G) technology (Li
et al., 2024). EVs represent a significant potential for achieving energy
security and mitigating pollution (Navyasri et al., 2023). In view of the
evidence that suggests battery electric vehicles (BEVs) are integral to
improving air quality in urban areas, particularly in less developed
countries whose cities rank among the most polluted and fastest
growing, it can be concluded that the use of BEVs is recommended
(Rajagopal et al., 2022). The decarbonization of the sector consisting of
passenger transport vehicles (i.e. cars, motorcycles and buses), which
account for approximately 45% of GHG, has the potential to play a very
important role in reducing climate change and related ecological dam-
age (Manzolli et al., 2022).

Cooney et al. (2013) emphasized that regional variations in elec-
tricity grid structures should be taken into account prior to recom-
mending the implementation of EBs. Li (2016) provided insights into the
crucial technical parameters of range and charging time, which signifi-
cantly affect the operational capabilities of electric buses. Lajunen and
Lipman (2016) carried out a comparative evaluation focusing on life
cycle costs and carbon dioxide (CO5) emissions across various bus types,
including hybrid electric, natural gas, diesel, fuel cell hybrid, and fully
electric models. The study indicated that fully electric buses have the
potential to significantly reduce COy emissions. Li et al. (2018) con-
ducted a comprehensive analysis of emergent trends and innovative
advancements in the adoption of electric buses. The study emphasized
the importance of utilizing grants from national or international sources
to offset the additional procurement costs associated with electric buses,
and the role of tax incentives in facilitating these purchases. McCabe and
Ban (2023) conducted a study on the optimum locations and dimensions
of stop charging stations for EBs. Guschinsky et al. (2023) argued that
the design of the charging infrastructure and the determination of bat-
tery sizes are strategic decisions, while charging planning for a fixed
infrastructure is operational. According to Kumar and Cao (2024), the
study of the charging management of electric vehicles as an energy hub
(EH) in conjunction with the associated energy system necessitates a
comprehensive understanding of their impacts on the power grid. Var-
ghese and Pradhan (2025) proposed that the effective implementation of
EBs can be facilitated by the imposition of fees on bus traffic operators
and bus manufacturers. This can be achieved by the provision of
charging infrastructure and the development of the technology. Behnia
et al. (2024) have demonstrated, there are considerable challenges
associated with the integration of EBs into an urban network. This ne-
cessitates further adjustments to the current bus scheduling process.
Avenali et al. (2024) reported that the most frequently discussed sub-
jects in the literature on EBs are operational management (e.g. energy
consumption, charging planning), cost-benefit assessment, ecological
and social dimensions. Zhong et al. (2024) proposed a unified optimi-
zation model that jointly schedules electric bus charging and energy
storage system operations to improve cost efficiency under variable load
conditions. Rodrigues and Seixas (2022) analyzed the sustainability of
battery-electric buses. The researchers stated that the main technolog-
ical obstacle to the widespread use of battery-electric buses is their
limited driving range in comparison to conventional buses. Lim et al.
(2025) analyzed South Korean households' acceptance and willingness
to pay for urban bus electrification. Dindar et al. (2026) presented a
degradation-aware and climate-specific techno-economic planning
framework for electric bus systems that incorporates battery aging ef-
fects into total cost and greenhouse gas emission optimization, under-
scoring environmental and economic trade-offs in sustainable transit
planning.

However, recent electric mobility literature emphasizes that non-
technological factors such as policy incentives, institutional support
mechanisms, and operational management strategies (e.g., charging
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planning, fleet scheduling, and route optimization) play an equally
critical role in the successful deployment and large-scale adoption of
battery-electric buses. Taken together, these studies reveal that the
current EB literature is dominated by technological, economic, and
operational perspectives, while policy, institutional, and behavioral di-
mensions are often treated as secondary or supportive factors rather
than integral components of the evaluation process. Moreover, most
studies implicitly assume that decision-makers can express their pref-
erences with confidence, even though EB deployment is typically char-
acterized by uncertainty regarding battery performance, infrastructure
readiness, and long-term regulatory stability. Although these recent
studies significantly advance the operational, technological, and energy-
system-oriented understanding of electric bus deployment, they do not
provide a comprehensive decision-support framework that simulta-
neously integrates sustainability dimensions with expert behavioral
uncertainty, such as neutrality, hesitation, and refusal. While these
studies provide valuable insights into technological, economic, and
operational aspects of electric buses, they predominantly examine these
dimensions in isolation. In particular, none of these works addresses
how multi-dimensional sustainability criteria can be weighted and
ranked under picture fuzzy information, which remains a critical gap for
strategic electric bus selection in public transport systems.
Consequently, the literature lacks a unified conceptual framework
that simultaneously integrates sustainability dimensions with decision-
makers’ behavioral uncertainty and hesitation. This limitation becomes
particularly evident in public transport contexts, where expert evalua-
tions are often characterized by neutrality, indecision, or conflicting
assessments due to evolving technologies and policy conditions.

2.2. The MCDM approaches to EV selection

With the focus on EVM steadily mounting, there has been a
concomitant rise in the application of MCDM models to the evaluation
and selection of EVs.

Das et al. (2019) employed a combination of Fuzzy AHP and EVAMIX
techniques to evaluate and identify the most appropriate electric vehicle
(EV) model for the Asian market, aiming to reflect the preferences of
potential EV consumers. Similarly, Sonar and Kulkarni (2021) applied
the AHP to obtain the relative importance of selection criteria and used
the MABAC method to identify the optimal EV option. Hamurcu and
Eren (2020) proposed an integrated AHP-TOPSIS framework for
choosing suitable EBs in line with sustainable transportation goals.
Boskovic et al. (2023) introduced AROMAN method, which incorporates
a two-step normalization process to facilitate the selection of EVs for
last-mile delivery. Dwivedi and Sharma (2023) combined Shannon's
entropy for determining criteria weights with the TOPSIS method to
assess the available EV's. The results of the present investigation suggest
that the popularity of electric vehicles has increased due to their battery
capacity, peak speed, base price, maximum power, electric range, and
quick charge time. In the study conducted by Hamurcu and Eren (2022)
MOORA and TOPSIS were utilized for the evaluation of ideal EB choices
for public transportation. Pradhan et al. (2022) proposed an integrated
fuzzy-QFD-COPRAS model for the selection of EVs, with this model
being developed with consideration of the challenges experienced in
hilly terrain. In this instance, the Quality Function Deployment model is
utilized to address the weighting of the criteria in accordance with
customer feedback. Tian et al. (2023) presented a MCDM model to assist
consumers in their EV purchase decisions. Golui et al. (2024) proposed
the application of a new correlation-based fermatean fuzzy TOPSIS to
MCDM processes for the selection of electric vehicles. Seth and Kartheek
(2024) proposed a hybrid AHP and WASPAS methodology for selecting
the most optimal EV from among the numerous models available in the
Indian market, taking into account key factors such as charging time,
torque, price, range, and battery power. Gorciin et al. (2024) utilized an
interval-valued intuitionistic fuzzy COPRAS model for industrial users to
select electric vehicles. The analysis of the extant research findings
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demonstrates that the pivotal factors in the decision-making process are
the driving range, purchase price, and charging time. Although these
MCDM models have significantly improved the rigor of EV and EB
evaluation, most of them rely on crisp, fuzzy, or intuitionistic fuzzy
environments that restrict expert opinions to limited forms of expres-
sion. In real-world EB selection, however, experts frequently express
neutral, hesitant, or even abstaining judgments due to uncertainty about
technology maturity, infrastructure deployment, and policy continuity.
These behavioral features of expert decision-making are not adequately
captured by conventional or intuitionistic fuzzy MCDM frameworks.

Despite the extensive application of MCDM techniques in EV and EB
selection, existing approaches exhibit several methodological limita-
tions when applied to complex public transport decisions. Conventional
crisp and fuzzy MCDM models primarily rely on binary or membership-
based judgments, while intuitionistic fuzzy approaches are restricted to
membership and non-membership degrees. Such structures are insuffi-
cient to explicitly capture neutral, abstaining, or conflicting expert
opinions, which frequently arise in EB selection due to uncertainties
related to technology maturity, infrastructure readiness, and policy
constraints.

2.3. Research gap and contributions

Despite the growing body of literature on electric buses and MCDM-
based evaluation approaches, several important gaps remain unre-
solved. Firstly, although previous studies acknowledge multiple evalu-
ation dimensions, most EB assessment frameworks do not
simultaneously integrate economic, environmental, technical, institu-
tional, and social criteria within a single decision-making structure.
Instead, these dimensions are often treated separately or represented
through a limited set of sub-criteria.

Secondly, the majority of existing EB-focused MCDM studies rely on
crisp, fuzzy, or intuitionistic fuzzy environments, which have limited
capability to represent neutrality, hesitation, and refusal in expert
judgments. Such limitations are particularly critical in public transport
planning problems, where decision-makers often face conflicting infor-
mation and incomplete knowledge. Thirdly, while advanced fuzzy ex-
tensions have been increasingly applied in MCDM research, there is a
noticeable lack of methodological justification regarding their suit-
ability for electric bus selection problems. Most existing studies adopt
specific fuzzy environments without explicitly discussing why these
approaches are appropriate for capturing the complexity and uncer-
tainty inherent in EB evaluation. Furthermore, very few studies explic-
itly link the choice of fuzzy environment to the behavioral
characteristics of expert decision-makers in public transport planning,
such as neutrality, indecision, or refusal to provide precise judgments.
This disconnect weakens the theoretical foundation of many existing EB-
focused MCDM frameworks.

To address these gaps, this study proposes an integrated picture fuzzy
LODECI-ARTASI (PFLA) framework for electric bus selection. By
simultaneously incorporating multi-dimensional sustainability criteria
and explicitly modeling positive, negative, neutral, and refusal degrees
of expert opinions, the proposed approach provides a more holistic and
uncertainty-aware evaluation structure. This framework directly re-
sponds to the identified research gaps and establishes a clear link be-
tween the reviewed literature and the objectives of the present study.
Accordingly, the novelty of this study does not stem solely from the
inclusion of multiple evaluation dimensions, but from their simulta-
neous operationalization within an integrated picture fuzzy weighting
and ranking framework, which has not been explicitly addressed in prior
EB-focused MCDM studies. Furthermore, the integration of PF-LODECI
and PF-ARTASI is specifically motivated by the need to ensure both
robust criteria weighting and reliable alternative ranking under high
uncertainty, addressing limitations observed in prior EB-focused MCDM
studies that treat these stages independently.
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3. Methodological architecture

The methodological architecture of the research conducted to
accurately select EBs within the scope of sustainable public trans-
portation is illustrated in Fig. 1. The methodological infrastructure en-
compasses LODECI and ARTASI methods, based on MCDM and picture
fuzzy sets. The model, designated as PF-LODECI-ARTASI (PFLA), is
comprised of two major stages. In the stage of determining the weight of
the criteria, which constitutes one of these major stages, the PF-LODECI
method is employed, while in the other stage, the PF-ARTASI method is
applied to determine the optimal alternative. The subsections of the
PFLA framework are presented in detail in in Fig. 1.

In the next sections of this paper, the preliminaries of PFS are
explained. Then, the PF-LODECI-ARTASI approach is detailed, which is
the result of combining PFS with the LODECI and ARTASI methods,
along with the steps involved in the method.

3.1. PFS: preliminaries

The concept of PFS provides more useful information when dealing
with human opinions that encompass a broader range of responses, such
as 'yes', 'abstain', 'no', and 'refusal'. A common example of this scenario is
the voting process, where individuals can be divided into four cate-
gories: supporters, abstainers, opponents, and non-voters. PFS enhances
the handling of ambiguity in judgment scores by employing independent
membership functions (Cuong & Kreinovich, 2013; Cuong, 2014).

Definition 1. A PFS on a Y of the universe of discourse K is given by:
Y = {(k, (45 (k). 5 (k). vy () [k €K} M
where the function Ay (k) : K—=0, 1], ug(k) : K=[0,1] and vy (k) : K—

[0,1] represent the degrees of positive, neutral, and negative member-
ship of k in Y, respectively.
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These functions are formulated in a rigorous manner while adhering
to the condition that 0 < Ay (k) + pg (k) + vy (k) < 1, which applies to all
elements k belonging to set K. Ay =1~ (}»‘-{(k) +p.?(k) +rg (k)) is defined
as the degree of refusal membership of k in Y.

Definition 2. The preliminary computational operations of PFS are
delineated in Egs. (2)-(4) (Haktanir & Kahraman, 2022; Hussain et al.,
2024):

GEDB = {hy + 2 — Ay oy oy} @
R = (b Wy M — My VeV — Vo) ©)
c.o={(1—(1—2,)),p, v} forc >0, ©)]
=1, (1-(1—py)), (1 - (1 —vy,))} forc>o0. (5)

Definition 3. Let l~/, U»?j,ﬂi,j,l/f,j) (j=1,2,...,n) be a set of picture
fuzzy numbers (PFNs), and w = w1, w2, ..., w, be the weight vector,
with @; € [0,1] and Y ", @; = 1. The Picture Fuzzy Weighted Arithme-
tric operator (PFWA) is defined as follows (Haktanir & Kahraman, 2022;
Hussain et al., 2024):

PFWAW:{l—ﬁ(l—Aij)wj,'" by, - v;jj} ®)

j=1 Jj=1

Definition 4. When considering 7, = 1 — Ay — pg — vg; the following
score function can be utilized to defuzzify PFNs (Dagidir & Ozkan,
2024):

| Research goal: The selection of the optimal electric bus for sustainable public transportation |

Expert opinion

Identification of evaluation
criteria and sub-criteria

Communication and collaboration

Identification of alternatives with fleet organization

Determination of the

weights of the criteria

Ranking of alternative
electric buses

Fig. 1. PFLA methodology.
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o Hy
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;o Hy
=Yty ®
The defuzzified value (SF) is calculated by Eq. (9):
14+4, -V,
Y e Y

3.2. The proposed model

This section presents a description of the LODECI-ARTASI hybrid
model, which is based on PFS. This model is proposed to evaluate MCDM
problems systematically and to incorporate PFS information. The PFLA
model has been conceptualized as a framework to address decision-
making in complex real-world scenarios. Let A;(i = 1, ..., m) be alter-
natives, C; (j=1,...,n ) be criteria and decision-makers
DW(k=1,...,q) for the MCDM problem. The steps of the PFLA
hybrid model are elucidated as follows: The utilization of PF-LODECI to
the evaluation of criteria weighting:

Step 1: Each alternative A;(i = 1,...,m) and each criterion C; j = 1,
...,n ) are evaluated by each decision-maker (D) using the lin-

guistic scale shown in Table 1. To generate the initial decision matrix
FOM) _ [ (oM

i ] , the linguistic terms (LTs) are transformed
mxn
into corresponding PFNs by deploying Table 1.

Step 2: The aggregated decision matrix (5: {55 wk} ) is
mxn

computed by utilizing the PFWA operator in Eq. (6). Herein, 55 e _
<Asm\k (k), Hsowy (k), o (k)> In Eq. (6), the decision maker's weight
[} i} il
is denoted as wy = (w1, w2, ...... wg), with @y €[0,1] and
Zgzl wy = 1.

~(DMy) ~(DM ~(M ~(DM d
prwA 3 5T Z o T = { <1 - (1 By
k=1 %

Step 3: The calculation of the crisp values is achieved through the
utilization of Eq. (11). Subsequently, establish the crisp decision

matrix (@: = [Giﬂmxn).
T+a, =V
SF(83) :A;U_ +# 7, an

Step 4: The computation of the normalized decision matrix

(N =[Ny],,,,) using Eq. (12).
5.
6}% if j € benefit criteria
Iy = Gumin for (i=1,...m;j=1,...,n) (12)
: U@u ifj € cost criteria
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Table 1

Linguistic scale for PFNs (Korucuk et al., 2023).
Linguistic terms PFNs

p n v

Extremely low (EL) 0 0 1
Very low (VL) 0.1 0.3 0.6
Low (L) 0.2 0.3 0.5
Middle low (ML) 0.3 0.3 0.3
Below middle (BM) 0.4 0.2 0.3
Middle (M) 0.5 0.2 0.2
Above middle (AM) 0.6 0.2 0.2
Middle high (MH) 0.7 0.1 0.1
High (H) 0.8 0.1 0.1
Very high (VH) 0.9 0 0.1
Extremely high (EH) 1 0 0

Step 5: Obtain the decomposition value matrix (A= [ Aj]
deploying Eq. (13).

m><ﬂ)

Ay =max{|Ny — Ny|} forr £iand x (r=1,2, - myi=1,-- mj
=1,--,n)
(13)

Step 6: Obtain the logarithmic decomposition value matrix
(r= [Fj]n) deploying Eq. (14).

20 A . .
Fj:ln(l+%>fort:l,....,m;;:l,...,n) a4

Step 7: The computation of the criteria weight matrix (= [ %] )
employing Eq. (15).
T

W =
' Z}‘le“j

{(j=1.2,...m) (1s)
The utilization of PF-ARTASI to rank the alternatives.

Step 8: The crisp decision matrix (€= [ €] ) determined in Step
3, represents an initial decision matrix for the PF-ARTASI method.

(k)> " k]i[l (;,ﬁwk (k)) " ; (viwik (k)) mk) ke K} 10)

Determine the matrix of absolute maximum values (€™ = [ §j] )

and the matrix of absolute minimum values (@'"i" =[G;],) via Egs.
(16) and (17), respectively, utilizing a crisp decision matrix.

1/m
g — ({ggcn((iu )) + {lrrglg)'(n((iu)} for(i=1,....m;j=1,...,n)

(16

. - 1/m
g;nzn: (122,1“(6[} )> - {112115131(@,” )} for (l-:].7 v,y j=1, ...,n)

Step 9: The next step in the process is the implementation of the
standardized decision matrix, which is comprised of two sub-steps.
Step 9 (i): The first-level standardized decision matrix (F = [F; |
is obtained through the utilization of Eq. (18).

mxn)
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(Ema.x _ @min

= (e
gmax _ (gmin y
("J L'J J J

Fy for (i=1,....m;j=1,...,n)

18)

where @}'-""X and 6}”" denote the absolute maximum and minimum

values, respectively, y! andy" indicate the lower and upper bounds of
the standardized interval, respectively, while €; denotes the initial de-
cision matrix value. Furthermore, the values in the standardized [y!,y"]
values are equal [1100] (Pamucar et al., 2024).

Step 9 (ii): The second-level standardized decision matrix
(s= [Sij}mxn) is obtained via Eq. (19).

Sy= ( (— Fi +lrr§licgcn[F,~j +1T£lilgfrl"[ﬂj>;lf] ecostcntena> 19)
(Fy ) ; ifj € benefit criteria

Step 10: Determining the utility level of alternatives in relation to
ideal and anti-ideal values consists of two subsequent sub-steps.
Step 10 (i): The calculation of the utility level for the ideal matrix

(A+ = {A; ]m) is achieved through the utilization of Eq. (20) as

follows:

S;i . .
Ay = max“gf Wyt | for (i=1,2,...,m;j=1,2,...,n) (20)
1<i<m

where y* = 100 and %; are criterion weights.

Step 10 (ii): The calculation of the utility level for the anti-ideal

matrix (A’ = {A; ] ) is achieved through the utilization of Eq.
mxn

(21) as follows:

Ay = 7IIU+P§1§>’<HHU +1Igigrgillijfor (i=1,2,...m;j=1,2,...,n) 21)

where 11;; is the degree of usefulness. ll; derived from Eq. (22).

min S;
U= ((Klg B w)) for (i=1,2,...,m;j=1,2,...,n) (22)
ij

where %" = 100 and 28; are criterion weights.

Step 11: The determination of the aggregate degree of utility of the
alternatives for the ideal value matrix (A* = [A}] ) and the anti-
ideal value matrix (A~ = [A;] ) is achieved through the use of
Egs. (23) and (24), respectively.

Ai*:ZAU*.for(i:172,...,m;j:1,2,...,n) (23)
j=1
A; =Y Ajfor(i=1,2,..,mj=1,2,..,n) 24

j=1

Step 12. The final utility function matrix (U = [U;],,) is calculated
using Eq. (25) as follows:

1/3

Ui={AF + A} {BF(A) + (1= ). F(A))} 7 pel0,1]; 3
€1, 4+ o] (25)

where f(A]) and f(A;) denote additive functions and calculated as
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N .
f(A) = A‘Aﬁ and f(A]) = A(Nﬁ, respectively. Subsequently, the
maximum value in the final utility functions matrix is determined the

optimal alternative.
4. Case location

The implementation of the proposed methodology was conducted
through a selection of Istanbul, Tiirkiye's most populous metropolis, as
the designated pilot area. This city is distinguished by a sophisticated
public transport system, integrating a wide range of modes including
public buses, ferries, rail systems, Marmaray, tram line, and bus rapid
transit. The Istanbul Strait is a major transit route connecting the Sea of
Marmara to the Black Sea, divides the metropolis into two sides: Euro-
pean and Asian. According to the results of Address Based Population
Registration System 2024, the population of Istanbul is 15.701.602
(Turkish Statistical Institute, 2024). In recent years, the city of Istanbul
has sought to enhance its urban transport system in a manner that is
economically viable, socially inclusive, and environmentally sustain-
able. This objective has been pursued through the implementation of
substantial investments. IETT (Istanbul Electricity, Tramway and Tunnel
General Management), as the municipal public bus operator of Istanbul,
delineated a vision to lead the way as an eco-friendly public bus au-
thority. The IETT fleet comprises a total of 3516 public buses, of which
702 are allocated to bus rapid transit (BRT) services, with the remainder
utilized for conventional bus operations. According to data from 2024,
the total number of bus and BRT trips in Istanbul is approximately 7.8
million, with a cumulative distance traveled of 241 million kilometers.
Furthermore, the number of journeys is recorded to be 678 million
(IETT, 2024).

In conversations with the managers of IETT, it was stated that a
vehicle converted from a different fuel type to an electric bus underwent
trial runs on a flat, non-sloping route along the YENIKAPI-BEYAZIT-
KAPALI CARSI route (see Fig. 2). In this context, the aim of the current
study is to serve as a guide for IETT in order to facilitate the evaluation of
electric buses in its future projections.

4.1. Data description

In view of the environmental consequences of greenhouse gas (GHG)
emissions from public transportation, the adoption of electric vehicles
(EVs) within this sector is of the utmost importance. This importance is
further heightened by the contribution of GHG emissions to declining air
quality and climate change caused by global warming. A real-case study
was conducted to facilitate evidence-based validation of the practical
execution of the PFLA model. In contemplating the intricacies inherent
in EBs, seven decision-makers (DM, DMy, ..., D7) have been
involved in the execution of the proposed hybrid model, with a focus on
sustainable public transportation. To ascertain the optimal choice for the
bus type selection problem based on the provided criteria, trans-
portation experts were selected from a public bus transportation com-
pany in Istanbul. In order to ensure a comprehensive perspective, seven
DMs with a minimum of ten years of experience were selected from
various departments of the company. The departments encompass
transportation planning, innovation, bus maintenance and repair,
strategy development, transportation technologies, intelligent trans-
portation systems, fleet management, and purchasing. Before distrib-
uting blank evaluation tables to the relevant DMs via email, a
comprehensive briefing was provided to them, outlining the definitions
and criteria of the PFLA model. In instances where ambiguity arose,
prompt meetings were scheduled to address the issue in question. A
more comprehensive information of the DMs participating is provided in
Table 2.

A comprehensive literature review was conducted in addition to
consultations with the experts detailed in Table 2 to conduct this
research process. Google Scholar and Web of Science research platforms
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Table 2
The details of the DMs.
No Area of expertise Area of current work Year of
experience
DM;  Industrial Engineer Bus field management 16
DM,  Mechanical Engineer Vehicle maintenance and 19
repair
DM3 Mechanical Engineer Vehicle maintenance and 21
repair
DM,  Public Transportation Intelligent transportation 18
Senior Manager systems
DMs  Public Transportation Public transportation 16
Manager
DMg Transportation Planning Transportation 16
Manager technologies
DM;  Fleet Management Manager  Bus field management 14

were utilized to review books, articles, and conference proceedings that
exhibited potential for utilization as references in the study. An initial
search on the Google Scholar and Web of Science research platforms
using the keywords "electric bus" "selection" and "public transportation”
produced a wide range of publications, including journal articles, con-
ference proceedings, and books, during the identification phase. Using
the keywords "fuzzy" and "MCDM" the search was refined during the
screening stage, and only publications that were more pertinent to the
research field were included in the data set. Following a thorough
evaluation, studies that are directly pertinent to the subject matter have
been identified through the utilization of predetermined inclusion and
exclusion criteria. The purpose of the review was twofold: first, to

identify relevant studies that could be used as a basis for the study, and
second, to determine the selection criteria.

The inclusion criteria were as follows: (1) Focus on electric buses or
sustainable public transportation, (2) Application of fuzzy set and/or
MCDM methods, (3) Studies addressing electric vehicle selection, (4)
Studies contributing to experimental, conceptual, or methodological
aspects, (5) Full texts of articles published in peer-reviewed journals or
related databases, (6) Full texts of articles available in English.

The exclusion criteria are as follows: (1) Studies whose full text is not
accessible, (2) Studies that do not include explicit details regarding the
methodological approach and resultant findings, (3) Studies written in
languages other than English.

In accordance with the aforementioned points, the criteria were
determined through consultations with a team of experts consisting of
decision-makers, as detailed in Table 2, focus group discussions, and a
review of the existing literature. In this context, four main criteria (MC)
and twenty-seven sub-criteria (Sub-C) constituted the first stage of the
hierarchical structure. The main criteria consist of economic (C1),
environmental (C2), technical (C3), and social (C4) factors. The
following Tables (3 and 4) present a comprehensive list of the relevant
criteria, together with the relevant references and explanations.

The second stage of the hierarchical structure is the identification of
alternatives. Following consultations with IETT managers and the
opinions of the expert team consisting of decision-makers, five electric
bus alternatives (EB1, EB2, EB3, EB4, EB5) were identified based on the
inclusion criteria that had been determined. In this context, the inclu-
sion criteria for the selection of EBs alternatives were as follows: (1)
Market Availability/Technological Maturity: Models currently oper-
ating commercially and available for sale in Europe or Tiirkiye, (2)
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Table 3

Factors influencing EB selection decisions.

MC

Sub-C

Type

References

Economic (C1)

Environmental
(C2)

Technical (C3)

Affordability (C11)
After sales service (C12)

Fuel economy (C13)

Maintenance&repairment
cost (C14)

Operating cost (C15)

Price (C16)

Brand reputation (C17)

Energy consumption (C21)

Fuel consumption (C22)

Environment friendly
performance (C23)

CO,, saving (tonnes/year)
(C24)

GHG emissions (C25)
Noise production (C26)

Battery capacity (C31)

Charging time (min) (C32)

Max speed (C33)

Power (C34)

Range (C35)

Benefit
Benefit

Benefit

Cost

Cost

Cost

Benefit

Cost

Cost

Benefit

Benefit

Cost

Cost

Benefit

Cost

Benefit

Benefit

Benefit

Babar et al. (2021)
Biiytikozkan and
Uztiirk (2020)

Tian et al. (2023),
Biswas and Das
(2018), Biswas et al.
(2019), Babar et al.
(2021), Patil and
Majumdar (2021)
Biiyiikozkan and
Uztiirk (2020), Jaller
and Otay (2021)
Biiyiikozkan and
Uztiirk (2020), Patil
and Majumdar
(2021), Pradhan

et al. (2022)

Biswas et al. (2019),
Ziemba (2020),
Stopka et al. (2022),
Wei and Zhou (2023)
Biiyiikozkan and
Uztiirk (2020), Jaller
and Otay (2021),
Ozdagoglu et al.
(2022), Khan et al.
(2020)

Ecer (2021), Ren

et al. (2021), Stopka
et al. (2022), Ziemba
(2021), Turon et al.
(2022)

Tian et al. (2023),
Ozdagoglu et al.
(2022)

Wei and Zhou (2023)

Onat et al. (2016)

Onat et al. (2016),
Khan et al. (2020)
Siit et al. (2019), Patil
and Majumdar
(2021)

Ecer (2021), Pradhan
et al. (2022), Sonar
and Kulkarni (2021),
Ziemba (2021)
Pradhan et al. (2022),
Ren et al. (2021),
Sonar and Kulkarni
(2021), Wei and
Zhou (2023), Ziemba
(2021), Jaller and
Otay (2021)

Ecer (2021), Ziemba
(2020), Ziemba
(2021), Patil and
Majumdar (2021)
Ecer (2021), Pradhan
et al. (2022), Ren

et al. (2021), Stopka
et al. (2022), Tian

et al. (2023), Ziemba
(2021), Turon et al.
(2022), Siit et al.
(2019)

Das et al. (2019),
Ecer (2021), Pradhan
et al. (2022), Ren

et al. (2021), Sonar
and Kulkarni (2021),
Stopka et al. (2022),
Ziemba (2021),
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Table 3 (continued)

MC Sub-C Type References

Turon et al. (2022),
Biswas and Saha
(2019), Patil and
Majumdar (2021),

Torque (C36) Benefit  Das et al. (2019)
Appearance/Design (C37) Benefit Tian et al. (2023), Siit
et al. (2019),
Biiyiikozkan and
Uztiirk (2020), Ren
et al. (2021)
Passenger capacity (C38) Benefit  Biswas and Das
(2018), Das et al.
(2019), Biiyiikozkan
and Uztiirk (2020),
Ziemba (2021)
Social (C4) Employment opportunities Benefit ~ Khan et al. (2020)
(C41)
Trust (C42) Benefit Bakioglu and Atahan
(2021), Wei and
Zhou (2023)
Responsibility (C43) Benefit Wei and Zhou (2023)
Satisfaction (C44) Benefit Wei and Zhou (2023)
Secondary market Benefit  Ren et al. (2021),
development (C45) Biiyiikozkan and
Uztiirk (2020)
Barrier-free transportation Benefit Siit et al. (2019)

(C46)

Segment Diversity: In addition to 12-m standard city buses, 18-m arti-
culated models, (3) Range: Models with a range between 300 km and
400 km, (4) Garage Charging: Compatibility with garage overnight
charging (depot charging) infrastructure, (5) Operational Performance:
Models with positive hill start capability test performance under load,
taking into account Istanbul's geographical conditions (slope, humidity,
etc.), (6) Purchase price: Models with acceptable initial purchase costs,
(7) Power and Battery Capacity: Approximately 120 kW - 250 kW motor
power and 350 kWh - 450 kWh battery capacities for 12-m vehicles. EBs
that fail to meet the inclusion criteria outlined above are excluded from
the selection alternatives.

The study adhered to the established ethical guidelines, with all
participating experts, who were adult professionals, providing informed
consent prior to involvement. The relevant experts were informed about
the evaluation forms, the scope of their participation, and the purpose
for which their contributions would be used. The protection of personal
data attracted particular attention. The implementation of these pro-
cedures ensured the protection of the experts' privacy, maintained
ethical principles, and ensured the establishment of an environment
characterized by openness and trust.

4.2. The implementation of the methodology

This subsection provides a comprehensive exposition of the imple-
mentation steps for the proposed PFLA hybrid model to rank the EBs.

e Determination of the weighting of criteria utilizing the PF-LODECI method
Step 1. The construction of a hierarchical structure is an essential
first step, followed by the evaluation of each alternative based on
predetermined criteria. The proposed model's hierarchical structure
(see Fig. 3) is constructed based on recent studies in the literature
and experts' views.

Each decision-maker evaluated each criterion utilizing LTs presented
in Table 1. The results of these evaluations are provided in Table S.1 in
Appendix. Thereafter, employing Table 1, the LTs are converted into
PFNs. The matrices corresponding to PFNs.
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Table 4
Explanations of criteria.

Sub-criteria

Explanations

Economic Affordability

After-sales service

Fuel Economy

Maintenance
&repairment cost

Operating cost

Price

Brand reputation

Environmental  Energy consumption

Fuel consumption

Environment
friendly
performance

CO,, saving (tonnes/
year)

GHG emissions

Reasonable cost of purchasing an EV,
including the initial purchase price,
financing options, and potential
government incentives

Refers to the availability and quality of
maintenance and repair services for
electric vehicles after they are
purchased, including factors such as the
availability of certified repair shops,
availability of spare parts, and overall
customer support, which can influence
the ownership experience and long-term
cost of owning an EB.

In the context of EB, fuel economy refers
to the energy efficiency of the vehicle,
typically measured in terms of miles per
kilowatt-hour (kWh) or equivalent fuel
economy metrics, which can affect the
cost of operating the vehicle and the
overall range it can achieve on a single
charge.

Refers to the cost of maintaining and
repairing an EB, including routine
maintenance such as battery
maintenance, tire rotation, and other
service needs, as well as potential repair
costs in case of breakdowns or accidents
Refers to the ongoing costs associated
with operating an EB, such as electricity
charging costs, insurance premiums,
taxes, and other miscellaneous expenses,
which can affect the overall cost of
ownership and affordability of an EB.
Refers to the cost of purchasing an EV,
which includes the initial purchase
price, as well as any additional costs
such as taxes, registration fees, and
other charges.

Refers to the reputation of the brand or
manufacturer of the EV, which can
influence the resale or salvage value of
the vehicle, as well as the overall
perception of reliability and quality,
which can affect the long-term economic
viability of owning an EB.

The amount of energy used by an EV to
power its motor and operate its various
systems, which affects the efficiency and
overall performance of the vehicle.

Fuel consumption of EB refers to the
energy usage of the vehicle, typically
measured in kilowatt-hours (kWh) per
unit of distance traveled, since electric
bus do not use traditional fossil fuels as a
source of energy.

The overall impact of an EV on the
environment, taking into consideration
factors such as emissions, resource
usage, and ecological footprint, which
can affect the sustainability and
environmental performance of the
vehicle.

The release of CO; gas into the
atmosphere as a result of vehicle
operation, which is a pollutant known to
contribute to air pollution and climate
change.

In the context of electric bus GHG
emissions (greenhouse gas emissions
such as CO,, methane (CH,), and nitrous
oxide (N50)) typically refer to the
emissions associated with the
generation of electricity used to charge
and power the electric bus, as well as

10
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Table 4 (continued)

Sub-criteria

Explanations

Noise production

Technical Battery capacity

Charging time

Max Speed

Power

Range

Torque

Appearance/Design

Passenger Capacity

Social Employment

opportunities

Trust

Responsibility
Satisfaction

Secondary market
development

Barrier-free
transportation

emissions associated with
manufacturing, transportation, and end-
of-life disposal of the vehicle.
Electromobility provides passengers
with a quieter driving experience and
contributes to the reduction of noise
pollution in urban environments.

The amount of energy that an electric
bus battery can store, determining how
much distance the vehicle can travel on
a single charge.

It is the required time to charge an
electric bus battery from empty to full.
Represents the highest achievable speed
of an electric vehicle, indicating its
performance capabilities and potential
for highway driving.

Refers to the output power of an electric
vehicle's motor, determining its
acceleration and overall performance.
Represents the total distance an EV can
travel on a single charge, affecting its
practicality for long-distance driving
and daily commutes.

Refers to the twisting force generated by
an electric vehicle's motor, influencing
its acceleration and towing capabilities
Refers to the visual aesthetics and
overall design of an EB, which can
influence consumer preferences and
market appeal

It is an important consideration for bus
selection as it directly impacts the
capacity of the bus to transport
passengers efficiently, meeting the
demand of the intended route or service.
Potential to create job opportunities and
promote employment in industries or
sectors that align with sustainable
practices or initiatives

The trust-based association between a
supplier and GAPBs (Governmental,
Academic, Public, and Business)
involves reliable and transparent
collaboration in providing goods or
services

The contentment resulting from the self-
regulation of a business.

Customer satisfaction-related
performance level.

Expansion or progress of markets related
to the buying, selling, or trading of used
or pre-owned vehicles and their
associated parts, accessories, and
services, create new job sector.
Accessible transportation options for
individuals with disabilities or special
needs, through features such as low-
floor boarding, wheelchair ramps or
lifts, priority seating, audible or visual
announcements, and other
accommodations that promote equal
access and usability for all passengers.

~DN

Step 2: 5= [59

] matrix is calculated using the PFWA aggre-
mxn

gation operator presented in Eq. (10). Refer to Table S.2 in the Ap-

pendix for this matrix.
Step 3: € = [Gy]

mxn

matrix is calculated using SF (Sy) function

presented in Eq. (11). This matrix is provided in Table 5.

Step 4: N = [ Ny]

X

, matrix is computed using Eq. (12). Refer to

Table S.3 in the Appendix for this matrix.

Step 5: A = [ Ay]

mxn

matrix is computed using Eq. (13). Refer to

Table S.4 in the Appendix for this matrix.
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Fig. 3. Structure in hierarchy for the proposed model.

Step 6: I'=[Ij]  matrix is computed using Eq. (14). Refer to
Table S.5 in the Appendix for this matrix.

Step 7: T = [ W;]  matrix is computed using Eq. (15). This matrix is
given in Table 6.

As demonstrated in Table 5, the most significant main criterion is
Economic (0.405), followed by Social (0.340), Technical (0.163), and
Environmental (0.092). In addition, the most prominent five sub-criteria
are; Trust (C42; 0.0868), Brand reputation (C17; 0.0830), After sales
service (C12; 0.0749), Price (C16; 0.0644), and Satisfaction (C44;
0.0635). The findings indicate that the economic factor is the most
significant main criterion, accounting for 40.5%. Furthermore, the study
demonstrates that trust in manufacturers and brand reputation are
crucial factors in the adoption of electric buses.

e Computing the ranking of EBs via the PF-ARTASI method
Step 8: "™ = [ G}], and €™ = [ G;], matrices are computed using
Egs. (16) and (17), respectively. Table 7 provides details of these
matrices.
Step 9 (i): F = [Fy | ., matrix is computed using Eq. (18). Refer to
Table S.6 in the Appendix for this matrix.

Step 9 (ii): S = [Sy],,, matrix is computed using Eq. (19). Refer to

Table S.7 in the Appendix for this matrix.

Step 10 (i): AT = [AJ] matrix is computed using Eq. (20). Refer
mxn

to Table S.8 in the Appendix for this matrix.

Step 10 (ii): A~ = [Ag]
mxn

to Table S.9 in the Appendix for this matrix.

Step 11: Utilizing Egs. (23) and (24), the aggregate degree of utility

for the alternatives is calculated for both A* = [Af] and A~ =

[A[],, matrices. Refer to Table S.10 in the Appendix for this matrix.

Step 12: U = [U;],, matrix is calculated utilizing equation (24)

(p=0.5 and =1 ). This matrix is given in Table 8. The most

judicious choice is the maximum value of [Uj],,.

matrix is computed using Eq. (21). Refer

The PFLA model results indicate that EB3 is the best appropriate
alternative. Subsequently, EB4, EB2, EB1, and EB5 are listed in Table 7.

4.3. Analysis of sensitivity

In this subsection, an analysis of the model's sensitivity is conducted
across nine scenarios (s1, s2, ..., s9). These scenarios involve the vari-
ation of the parameter # within the utility function (see Eq. (24)). In the
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Table 5
€= [ Gij} matrix.

mxn

EB1 EB2 EB3 EB4 EB5
Cl1 0.743 0.572 0.626 0.701 0.832
C12 0.548 0.671 0.817 0.830 0.525
C13 0.590 0.677 0.707 0.749 0.572
Cl14 0.546 0.489 0.563 0.572 0.583
C15 0.626 0.582 0.700 0.701 0.575
Cl6 0.714 0.546 0.682 0.701 0.844
C17 0.665 0.815 0.841 0.815 0.489
C21 0.606 0.634 0.634 0.606 0.621
Cc22 0.634 0.660 0.634 0.671 0.655
C23 0.645 0.645 0.681 0.671 0.639
C24 0.606 0.634 0.671 0.645 0.598
C25 0.634 0.660 0.645 0.681 0.606
C26 0.634 0.660 0.660 0.660 0.634
C31 0.634 0.645 0.697 0.671 0.686
C32 0.606 0.634 0.662 0.634 0.667
C33 0.598 0.639 0.645 0.634 0.598
C34 0.660 0.671 0.671 0.671 0.660
C35 0.598 0.645 0.645 0.606 0.598
C36 0.606 0.645 0.721 0.705 0.606
C37 0.723 0.749 0.749 0.749 0.626
C38 0.645 0.660 0.660 0.660 0.634
C41 0.692 0.692 0.754 0.749 0.680
C42 0.636 0.731 0.876 0.834 0.468
C43 0.598 0.709 0.754 0.749 0.535
C44 0.606 0.731 0.805 0.754 0.553
C45 0.710 0.681 0.589 0.662 0.765
C46 0.671 0.582 0.517 0.543 0.740

Table 6
W = [ W] matrix.

w; Rank w; Rank w; Rank
C11 0.0590 8 c23 0.0142 22 C36 0.0360 13
C12 0.0749 3 C24 0.0225 16 Cc37 0.0389 12
C13 0.0488 9 C25 0.0220 17 C38 0.0096 26
Cl4 0.0353 14 C26 0.0105 24 c41 0.0232 15
C15 0.0396 11 C31 0.0198 18 C42 0.0868 1
C16 0.0644 4 C32 0.0188 19 C43 0.0617 6
C17 0.0830 2 C33 0.0174 21 C44 0.0635 5
Cc21 0.0105 25 C34 0.0043 27 C45 0.0431 10
Cc22 0.0125 23 C35 0.0182 20 C46 0.0614 7

initial scenario (s0), the value of g was designated as 0.5, and in each
subsequent scenario, the value of the parameter § was incrementally
increased by one unit. The results' sensitivity to varying values is tested.
The results of the sensitivity analysis scenarios (SASc) are illustrated in
Fig. 4. The variations in the ranking of the EB alternatives are visualized
in Fig. 4a, while the changes in their utility functions are graphically
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5. Conclusion and policy recommendations

Research on electrification of public transportation fleets is relatively
new and emerging, and our understanding of the consequences of policy
decisions and their impacts locally and globally remain limited to date.

There is growing amount of literature in time and pricing strategies
for electrified urban transportation modes, however, the relationship
between vehicles and systems selected, criteria used and their perfor-
mance outcomes is not widely reported and remain sparse. This study
proposes a theoretical model that integrates the four major categories
and evaluative criteria. The paper's contribution to the extant corpus is
substantiated by the validation of the framework utilizing the PFLA
methodology.

It is clear from technology development trends and environmental
regulations globally that the public transportation is going through a
major transformation towards electrification of vehicles. Foremost in the
cycle is the conversion of fleets of buses, especially for cities and mu-
nicipalities, from conventional ICE buses to electric buses. Adoption of
sustainable transportation for cities bring a set of important parameters
such as economic, environmental, technical, and social dimensions to
consider in their decision-making processes in this transformation to
EBs. A host of issues comes up such as power-grid infrastructure in-
vestments, battery-charging stations and range, maintenance cycles,
operational performance of electric bus systems and new potential
business models from secondary market opportunities that may develop
as a result of planned transformation. This study proposes a systematic
approach, incorporating a comprehensive set of criteria deemed perti-
nent to local requirements. The study employs a sophisticated decision-
making framework, termed PFLA, to guide the selection process for EBs.
This was demonstrated with a case study from Tiirkiye where some EBs
were studied in detail projecting results based on set of factors and sub-
criteria selected in the proposed framework. The weighting of these
parameters can be varied based on local needs and state of regulations.

This study aims to establish a holistic evaluation approach for EB
alternatives to provide guidance on sustainability in public trans-
portation. In this study, the PF-LODECI and PF-ARTASI methods were
combined and implemented in a real-world case study focusing on
Tiirkiye. The evaluation process involved the consideration of four main
criteria and twenty-seven sub-criteria, encompassing economic, envi-
ronmental, technical, and social considerations.

The PFLA model results indicate that EB3 is the best appropriate
alternative. Subsequently, EB4, EB2, EB1 and EB5 are listed. The
established order (EB3 > EB4> EB2 > EB1 > EB5) aligns closely with

Table 8
U = [Uj],,, matrix.

represented in Fig. 4b. Alternatives Ui Rank
When Fig. 4 is analyzed, it becomes evident that the EB's rankings EB1 89.7075 4
remain consistent across varying values. EB2 93.7857 3
EB3 95.1717 1
EB4 95.1461 2
EB5 86.0782 5
Table 7
(€™ =[)],) and (™" = [;],) matrices.
Criteria cmax Cmin Criteria cmax Cmin Criteria cmax Cmin
cl1 1.7960 -0.3220 c23 1.6066 -0.2753 C36 1.6576 -0.2988
c12 1.7934 —0.3543 c24 1.5943 ~0.3041 c37 1.6927 —0.2843
c13 1.6927 -0.3220 c25 1.6066 —0.2988 c38 1.5803 -0.2792
C14 1.4804 ~0.3779 c26 1.5803 -0.2792 ca1 1.6990 ~0.2460
Cc1s 1.6318 —0.3199 c31 1.6271 ~0.2792 c42 1.8495 ~0.3908
cl6 1.8101 —0.3401 c32 1.5894 —0.2988 c43 1.6990 —0.3471
c17 1.8067 -0.3779 c33 1.5615 ~0.3041 c44 1.7628 ~0.3350
ca1 1.5463 —0.2988 c34 1.5943 ~0.2602 c45 1.7134 ~0.3106
c22 1.5943 ~0.2792 c35 1.5615 —0.3041 C46 1.6812 ~0.3597

12
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Fig. 4. The results of the SASc.

empirical evidence. EB3 is a widely prevalent electric bus model in
Europe, demonstrating proficiency in technical, economic, and social
domains. It possesses a range of 350-400 km, substantial battery ca-
pacity, robust service infrastructure, and a trusted brand reputation. A
body of research has demonstrated that trust has a significant impact on
the adoption of electric vehicles and the development of intent in this
area (Eccarius & Chen, 2024; Kumar et al.,, 2026). EB4 excels in

13

operational reliability due to its minimal energy usage and compre-
hensive maintenance network. EB2 excels in the environmental and
social categories due to its sustainable performance and brand reputa-
tion. However, its ranking is third due to its elevated price. EB1 is
economically viable and energy-efficient, although it possesses con-
straints in range and servicing infrastructure. EB5 has the lowest posi-
tion because to its failure to completely adhere to European standards
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and its constrained service support, notwithstanding its cost advantage.
This scenario illustrates that the model's theoretical findings correspond
with prevailing market conditions and operational data.

The findings indicate that the process of selecting EBs is a complex,
multifaceted decisional matter. In this context, technological maturity,
life-cycle costs, environmental sustainability, and policy alignment are
the most decisive factors. The model proposed for municipalities and
transportation authorities supports data-driven, systematic, and sus-
tainable decision-making processes, providing long-term environ-
mental, economic, and social benefits.

5.1. Managerial implications

The shift from internal combustion engine (ICE) buses to EBs rep-
resents a crucial advancement in the pursuit of intelligent and sustain-
able urban transportation. In this transition process, politicians and local
authorities must make strategic decisions by evaluating the appropri-
ateness of existing infrastructure, legal frameworks, and financial
capacity.

The study's findings indicate that the EB3 and EB4 models represent
the most balanced choices regarding technological reliability, mainte-
nance, and after-sales support. Consequently, public transportation op-
erators seeking to rejuvenate their fleets should favor manufacturers
with a robust local service network, durable batteries, and high brand
reliability.

These findings highlight two key management priorities for decision-
makers.

1. Fleet renewal decisions must consider not only initial investment
costs but also life-cycle performance.

2. Technology selection should align with local infrastructure, energy
supply security, and service continuity.

The adoption of EBs is profoundly influenced by emission regula-
tions, incentive frameworks, charging infrastructure, and tax policies.
The extensive implementation of V2X (Vehicle-to-Everything) technol-
ogy will facilitate the development of transportation systems connected
with smart city infrastructure.

The main benefits of V2X-based electric bus systems from a man-
agement perspective are as follows.

e Ensuring driver and pedestrian safety by improving traffic safety,

e Reducing CO, emissions and time losses by optimizing traffic flow,

e Contributing to the national economy by increasing energy
efficiency,

e Improving passenger comfort and barrier-free access,

e Ensuring more effective use of existing transportation infrastructure,

e Supporting data sharing security and operational integrity.

Consequently, the conversion to electric buses should be regarded
not merely as a modernization of transportation but also as an essential
element of the smart city paradigm. This transition will enhance social
welfare while promoting environmental and economic sustainability.

5.2. Economic and welfare implications of electric bus adoption

Electric bus (EB) adoption in urban public transport systems should
be evaluated not only in terms of technical feasibility or environmental
performance, but also from a transportation economics and welfare
perspective. In urban transport economics, welfare effects arise through
changes in public expenditures, operating and maintenance costs, ex-
ternalities, service quality, accessibility, and long-term system effi-
ciency. Accordingly, the results obtained from the proposed PF-
LODECI-ARTASI (PFLA) framework provide a structured basis for dis-
cussing the broader economic and societal welfare implications of
electric bus deployment. From a public finance perspective, the
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prominence of institutional and economic criteria such as government
tax reductions, incentive mechanisms, and supportive policy frame-
works highlights the decisive role of fiscal instruments in facilitating EB
adoption. Although electric buses generally entail higher upfront in-
vestment costs than conventional internal combustion engine buses,
their lower operating and maintenance costs over the vehicle life cycle
can significantly improve cost efficiency in the long run. When com-
bined with tax exemptions and public incentive schemes, these cost
advantages may alleviate long-term budgetary pressures on municipal-
ities and improve the allocative efficiency of public transport in-
vestments. Beyond direct budgetary impacts, electric buses generate
substantial positive externalities that contribute to overall social wel-
fare. Zero tailpipe emissions reduce local air pollutants such as nitrogen
oxides (NOx) and fine particulate matter (PM), which are closely asso-
ciated with respiratory and cardiovascular diseases and premature
mortality. As a result, public health improvements represent one of the
most significant welfare gains of EB deployment. For example, Maizlish
et al. (2022) estimate health and climate benefits of up to USD 207,200
per bus when replacing older diesel models in large metropolitan areas.
In addition, electric buses significantly reduce noise pollution, contrib-
uting to more peaceful urban environments, lower stress levels, and
improved traffic safety. Over their operational lifetime, a single electric
bus can prevent approximately 181 tons of COy-equivalent emissions
compared to a conventional diesel bus. From the user perspective,
electric buses enhance passenger welfare by offering smoother ride
quality, quieter operation, and improved service reliability. These at-
tributes increase passenger comfort and satisfaction while providing a
less stressful working environment for drivers. Improved service quality
can increase public transport attractiveness, encourage modal shifts
away from private vehicle use, and reduce congestion-related costs.
Such effects generate additional welfare gains through travel time sav-
ings, improved accessibility, and more efficient utilization of existing
transport infrastructure.

Despite these advantages, the welfare effects of electric bus adoption
are not unambiguously positive in the short run. High upfront invest-
ment costs, particularly for vehicles and charging infrastructure, remain
a major barrier. Giagnorio et al. (2024) argue that in certain contexts,
electric buses may not yet be welfare-improving, as reductions in
external costs may not fully offset higher supply-side costs associated
with battery systems and charging infrastructure. Moreover, large-scale
EB deployment may require power grid upgrades, while operational
challenges such as range limitations especially under cold climate con-
ditions or heavy traffic can necessitate additional vehicles or route ad-
justments to maintain service frequency. Further considerations include
the environmental and social impacts associated with battery produc-
tion and raw material extraction, which account for a substantial share
of vehicle costs and may involve environmental degradation and
labor-related concerns in specific regions (Demiryiirek et al., 2023).
Additionally, the overall environmental performance of electric buses
depends on the electricity generation mix used for charging, empha-
sizing the importance of system-level coordination between transport
and energy policies.

Overall, the welfare effects of electric buses in large urban areas are
predominantly positive, particularly with respect to public health,
environmental quality, and user comfort. However, realizing these so-
cietal benefits requires addressing upfront investment barriers, infra-
structure development, and system-level integration challenges. Fan
et al. (2020) state that governments should appropriately raise subsidies
for domestic electric vehicle consumers and decrease tariffs applied to
imported electric vehicle manufacturers, which would contribute to
improving social welfare.

5.3. Limitations of the study and future research

As with all studies of this nature, the findings and their implications
for the parties responsible for making the decision should be interpreted
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with prudence due to certain limitations. This study relies on perceptual
evaluations and expert-based analytical judgments to assess system or
product-level performance, which may not fully capture the complete
reality—particularly across the five segments analyzed. To reduce po-
tential bias, future research could benefit from incorporating diverse
data sources and complementary methods. Although the PFLA model
applied here satisfies many of the commonly accepted criteria, there
remains potential for refinement. For instance, the incorporation of
additional indicators or control variables may improve the model's
comprehensiveness and accuracy.

In the process of identifying potential economic and social variables,
it is crucial to recognize that the variables selected in this study may not
fully align with all underlying assumptions. To gain deeper insights into
the organizations examined, a future qualitative investigation such as
conducting interviews with experts across various domains including
strategic, managerial, technical, operational, and user perspectives
could provide valuable complementary information. The urgent need for
sustainable and efficient urban mobility solutions pivoted EBs as major
winners in adoption to greener transportation from mostly economic
perspective as battery costs continually go down. In this study a limited
number of models have been analyzed, and a large a set of vehicles and
technologies/models can be assessed.

The technical performance and economic considerations allow for
shift from ICE to electric versions of transport vehicles. However, the
fuel-cell (H2) based electric vehicles/buses are developed that enable
greater energy densities and driving range than pure BEVs. Currently,
EBs are significantly cheaper to acquire and operate compared to
Hydrogen-Buses. These will be competing options in the future and cost-
benefit parameters will have to be addressed as the infrastructure for
hydrogen generation/storage becomes more feasible.

CRediT authorship contribution statement

Veysel Tatar: Writing — review & editing, Writing — original draft,
Methodology, Formal analysis, Conceptualization. Berk Ayvaz: Writing
— original draft, Validation, Methodology, Formal analysis, Data cura-
tion. Emine Elif Nebati: Writing — original draft, Visualization, Re-
sources. Bahadir Tunaboylu: Writing — review & editing, Writing —
original draft. Selim Zaim: Writing — review & editing, Supervision.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.retrec.2026.101765.

Data availability
Data will be made available on request.

References

Alshamrani, A. M., Zavadskas, E. K., Rani, P., Antucheviciene, J., & Alrasheedi, A. F.
(2025). Evaluation and prioritization of software packages for remote education
assistance using picture fuzzy comprehensive distance-based ranking approach.

~ Applied Soft Computing, Article 113606.

Aslund, V., & Pettersson-Lofstedt, F. (2023). Rationales for transitioning to electric buses
in Swedish public transport. Research in Transportation Economics, 100, Article
101308.

Atanassov, K. T. (1986). Intuitionistic fuzzy sets. Fuzzy Sets and Systems, 20(1), 87-96.
https://doi.org/10.1016/50165-0114(86)80034-3

Avenali, A., Catalano, G., Giagnorio, M., & Matteucci, G. (2024). Factors influencing the
adoption of zero-emission buses: A review-based framework. Renewable and

Research in Transportation Economics 117 (2026) 101765

Sustainable Energy Reviews, 197, Article 114388. https://doi.org/10.1016/j.
rser.2024.114388

Babar, A. H. K., Ali, Y., & Khan, A. U. (2021). Moving toward green mobility: Overview
and analysis of electric vehicle selection, Pakistan a case in point. Environment,
Development and Sustainability, 23, 10994-11011. https://doi.org/10.1007/s10668-
020-01101-5

Bakioglu, G., & Atahan, A. O. (2021). AHP integrated TOPSIS and VIKOR methods with
pythagorean fuzzy sets to prioritize risks in self-driving vehicles. Applied Soft
Computing, 99, Article 106948. https://doi.org/10.1016/j.as0c.2020.106948

Behnia, F., Schuelke-Leech, B. A., & Mirhassani, M. (2024). Optimizing sustainable urban
mobility: A comprehensive review of electric bus scheduling strategies and future
directions. Sustainable Cities and Society. https://doi.org/10.1016/j.
5c5.2024.105497. Article 105497.

Biswas, T. K., & Das, M. (2018). Selection of hybrid vehicle for green environment using
multi-attributive border approximation area comparison method. Management
Science Letters, 8(2), 121-130. https://doi.org/10.5267/j.msl.2017.11.003

Biswas, T., & Saha, P. (2019). Selection of commercially available scooters by new
MCDM method. International Journal of Data and Network Science, 3(2), 137-144.
https://doi.org/10.5267/j.ijdns.2018.12.002

Biswas, T. K., Stevié, Z., Chatterjee, P., & Yazdani, M. (2019). An integrated methodology
for evaluation of electric vehicles under sustainable automotive environment. In
P. Chatterjee, M. Yazdani, S. Chakraborty, D. Panchal, & S. Bhattacharyya (Eds.),
Advanced multi-criteria decision making for addressing complex sustainability issues (pp.
41-62). IGI Global. https://doi.org/10.4018/978-1-5225-8579-4.ch003.

Boskovié, S., Svadlenka, L., Jov¢ié, S., Dobrodolac, M., Simié, V., & Bacanin, N. (2023).
An alternative ranking order method accounting for two-step normalization
(AROMAN)—A case study of the electric vehicle selection problem. IEEE Access, 11,
39496-39507. https://doi.org/10.1109/ACCESS.2023.3265818

Biiyiikozkan, G., & Uztiirk, D. (2020). Fleet vehicle selection for sustainable urban
logistics. Paper presented at the 9th international conference on informatics, environment,
energy and applications (pp. 116-120). https://doi.org/10.1145/3386762.3388955.
Amsterdam, Netherlands.

Coffman, M., Bernstein, P., & Wee, S. (2017). Electric vehicles revisited: A review of
factors that affect adoption. Transport Reviews, 37(1), 79-93. https://doi.org/
10.1080/01441647.2016.1217282

Cooney, G., Hawkins, T. R., & Marriott, J. (2013). Life cycle assessment of diesel and
electric public transportation buses. Journal of Industrial Ecology, 17, 689-699. https
://doi.org/10.1111/jiec.12024.

Cuong, B. C. (2014). Picture fuzzy sets. Journal of Computer Science and Cybernetics, 30(4),
409-420.

Cuong, B. C., & Kreinovich, V. (2013). Picture fuzzy sets—a new concept for
computational intelligence problems. Third world congress on information and
communication technologies (WICT 2013). https://doi.org/10.1109/
WICT.2013.7113135. Hanoi, Vietnam.

Dagidir, B. D., & Ozkan, B. (2024). A comprehensive evaluation of a company
performance using sustainability balanced scorecard based on picture fuzzy AHP.
Journal of Cleaner Production, 435, Article 140519.

Das, M. C., Pandey, A., Mahato, A. K., & Singh, R. K. (2019). Comparative performance of
electric vehicles using evaluation of mixed data. Opsearch, 56, 1067-1090. https://
doi.org/10.1007/s12597-019-00395-4

Deakin, M., Curwell, S., & Lombardi, P. (2002). Sustainable urban development: The
framework and directory of assessment methods. Journal of Environmental Assessment
Policy and Management, 4, 171-197. https://doi.org/10.1142/51464333202000832

Demiryiirek, R., Ates, M. N., & Tunaboylu, B. (2023). Future of lithium ion batteries for
electric vehicles: Problems and expected developments. In N. M. Durakbasa, &

M. G. Gengyilmaz (Eds.), Towards industry 5.0. ISPR 2022. Lecture notes in mechanical
Engineering. Cham: Springer. https://doi.org/10.1007/978-3-031-24457-5_42.

Dindar, J., Assimi, H., & Ranjbar, H. (2026). Sustainable planning of electric bus systems:
Degradation-aware and climate-specific techno-economic analysis. Applied Energy,
402, 127039.

Dwivedi, P. P., & Sharma, D. K. (2023). Evaluation and ranking of battery electric
vehicles by Shannon's entropy and TOPSIS methods. Mathematics and Computers in
Simulation, 212, 457-474. https://doi.org/10.1016/j.matcom.2023.03.012

EAFO. (2026). Vehicles and fleet. Available at: https://alternative-fuels-observatory.ec.eu
ropa.eu/transport-mode/road/european-union-eu27/vehicles-and-fleet [Accessed
20 January 2026].

Eccarius, T., & Chen, C. F. (2024). Examining trust as a critical factor for the adoption of
electric vehicle sharing via necessary condition analysis. Technological Forecasting
and Social Change, 208, Article 123681.

Ecer, F. (2021). A consolidated MCDM framework for performance assessment of battery
electric vehicles based on ranking strategies. Renewable and Sustainable Energy
Reviews, 143, Article 110916. https://doi.org/10.1016/j.rser.2021.110916

EEA. (2025). Greenhouse gas emissions from transport in Europe. Available at: https://www
.eea.europa.eu/en/analysis/indicators/greenhouse-gas-emissions-from-transport
[Accessed 19 January 2026].

Fan, Z. P., Cao, Y., Huang, C. Y., & Li, Y. (2020). Pricing strategies of domestic and
imported electric vehicle manufacturers and the design of government subsidy and
tariff policies. Transportation Research Part E: Logistics and Transportation Review, 143,
Article 10209

Giagnorio, M., Borjesson, M., & D'Alfonso, T. (2024). Introducing electric buses in urban
areas: Effects on welfare, pricing, frequency, and public subsidies. Transportation
Research Part A: Policy and Practice, 185, Article 104103.

Golui, S., Mahapatra, B. S., & Mahapatra, G. S. (2024). A new correlation-based measure
on Fermatean fuzzy applied on multi-criteria decision making for electric vehicle
selection. Expert Systems with Applications, 237, Article 121605. https://doi.org/
10.1016/j.eswa.2023.121605



https://doi.org/10.1016/j.retrec.2026.101765
https://doi.org/10.1016/j.retrec.2026.101765
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref2
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref2
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref2
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref2
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref3
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref3
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref3
https://doi.org/10.1016/S0165-0114(86)80034-3
https://doi.org/10.1016/j.rser.2024.114388
https://doi.org/10.1016/j.rser.2024.114388
https://doi.org/10.1007/s10668-020-01101-5
https://doi.org/10.1007/s10668-020-01101-5
https://doi.org/10.1016/j.asoc.2020.106948
https://doi.org/10.1016/j.scs.2024.105497
https://doi.org/10.1016/j.scs.2024.105497
https://doi.org/10.5267/j.msl.2017.11.003
https://doi.org/10.5267/j.ijdns.2018.12.002
https://doi.org/10.4018/978-1-5225-8579-4.ch003
https://doi.org/10.1109/ACCESS.2023.3265818
https://doi.org/10.1145/3386762.3388955
https://doi.org/10.1080/01441647.2016.1217282
https://doi.org/10.1080/01441647.2016.1217282
https://doi.org/10.1111/jiec.12024
https://doi.org/10.1111/jiec.12024
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref15
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref15
https://doi.org/10.1109/WICT.2013.7113135
https://doi.org/10.1109/WICT.2013.7113135
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref17
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref17
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref17
https://doi.org/10.1007/s12597-019-00395-4
https://doi.org/10.1007/s12597-019-00395-4
https://doi.org/10.1142/S1464333202000832
https://doi.org/10.1007/978-3-031-24457-5_42
http://refhub.elsevier.com/S0739-8859(26)00062-4/optEXIsLNIl9h
http://refhub.elsevier.com/S0739-8859(26)00062-4/optEXIsLNIl9h
http://refhub.elsevier.com/S0739-8859(26)00062-4/optEXIsLNIl9h
https://doi.org/10.1016/j.matcom.2023.03.012
https://alternative-fuels-observatory.ec.europa.eu/transport-mode/road/european-union-eu27/vehicles-and-fleet
https://alternative-fuels-observatory.ec.europa.eu/transport-mode/road/european-union-eu27/vehicles-and-fleet
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref23
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref23
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref23
https://doi.org/10.1016/j.rser.2021.110916
https://www.eea.europa.eu/en/analysis/indicators/greenhouse-gas-emissions-from-transport
https://www.eea.europa.eu/en/analysis/indicators/greenhouse-gas-emissions-from-transport
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref26
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref26
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref26
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref26
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref27
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref27
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref27
https://doi.org/10.1016/j.eswa.2023.121605
https://doi.org/10.1016/j.eswa.2023.121605

V. Tatar et al.

Gorgiin, 0. F., Simic, V., Kundu, P., Ozbek, A., & Kiiciikonder, H. (2024). Electric vehicle
selection for industrial users using an interval-valued intuitionistic fuzzy COPRAS-
based model. Environment, Development and Sustainability, 1-42. https://doi.org/
10.1007/5s10668-024-03899-1

Guschinsky, N., Kovalyov, M. Y., Pesch, E., & Rozin, B. (2023). Cost minimizing decisions
on equipment and charging schedule for electric buses in a single depot.
Transportation Research Part E: Logistics and Transportation Review, 180, Article
103337. https://doi.org/10.1016/j.tre.2023.103337

Haktanir, E., & Kahraman, C. (2022). A novel picture fuzzy CRITIC & REGIME
methodology: Wearable health technology application. Engineering Applications of
Artificial Intelligence, 113, Article 104942. https://doi.org/10.1016/].
engappai.2022.104942

Hamurcu, M., & Eren, T. (2020). Electric bus selection with multicriteria decision
analysis for green transportation. Sustainability, 12(7), 2777. https://doi.org/
10.3390/5u12072777

Hamurcu, M., & Eren, T. (2022). Applications of the MOORA and TOPSIS methods for
decision of electric vehicles in public transportation technology. Transport, 37(4),
251-263. https://doi.org/10.3846/transport.2022.17068

Hilmola, O. P. (2011). Benchmarking efficiency of public passenger transport in larger
cities. Benchmarking: An International Journal, 18, 23-41. https://doi.org/10.1108/
14635771111109822

Hussain, A., Liu, Y., Ullah, K., Rashid, M., Senapati, T., & Moslem, S. (2024). Decision
algorithm for picture fuzzy sets and Aczel Alsina aggregation operators based on
unknown degree of wights. Heliyon, 10(6), Article e27548.

IEA. (2025). Global EV Outlook 2025. Paris: IEA. Available at: https://www.iea.org/r
eports/global-ev-outlook-2025 (Accessed January 21, 2026).

IETT (Istanbul Electricity, Tramway and Tunnel General Management). (2024). Faaliyet
raporu, 2024 https://iett.istanbul/BBImages/Slider/Image/i%CC%87ett-genel-mu%
CC%88du%CC%88rlu%CCY%88g%CC%86u%CC%88_2024-faaliyet-raporu-1.pdf.
(Accessed 25 October 2025).

Jaller, M., & Otay, I. (2021). In C. Kahraman, S. Cevik Onar, B. Oztaysi, I. Ucal Sari,

S. Cebi, & A. C. Tolga (Eds.), Intelligent and fuzzy techniques: Smart and innovative
solutions. INFUS 2020. Advances in Intelligent Systems and Computing (vol. 1197).
Cham: Springer. https://doi.org/10.1007,/978-3-030-51156-2_15.

Khan, F., Ali, Y., & Khan, A. U. (2020). Sustainable hybrid electric vehicle selection in the
context of a developing country. Air Quality, Atmosphere & Health, 13, 489-499.
https://doi.org/10.1007/511869-020-00812-y

Korucuk, S., Aytekin, A., Ecer, F., Pamucar, D. S. S., & Karamasa, C. (2023). Assessment
of ideal smart network strategies for logistics companies using an integrated picture
fuzzy LBWA-CoCoSo framework. Management Decision, 61(5), 1434-1462. https://
doi.org/10.1108/MD-12-2021-1621

Kumar, G. M. S., & Cao, S. (2024). Conversion of metro railway into smart charging zero-
emission transportation hub for supporting electric train, shuttle bus, cars and public
EV charging station. Energy Conversion and Management X, 22, Article 100552.
https://doi.org/10.1016/j.ecmx.2024.100552

Kumar, S., Chandra, A., Kumar, A., & Kalia, S. (2023). A Multimoora-based MCDM model
under picture fuzzy environment for converting municipal solid waste to energy in
himalayan Region: A sustainable technology assessment. Sustainable Energy
Technologies and Assessments, 59, Article 103399.

Kumar, P., Kumar, A., & Brewster, C. (2026). Understanding the enablers and barriers to
electric bus adoption: Comparative insights from India and the Netherlands. Urban
Transitions, 5, Article 100021.

Lajunen, A., & Lipman, T. (2016). Lifecycle cost assessment and carbon dioxide emissions
of diesel, natural gas, hybrid electric, fuel cell hybrid and electric transit buses.
Energy, 106, 329-342. https://doi.org/10.1016/j.energy.2016.03.075

Li, J. Q. (2016). Battery-electric transit bus developments and operations: A review.
International Journal of Sustainable Transportation, 10(3), 157-169. https://doi.org/
10.1080/15568318.2013.826985

Li, X., Castellanos, S., & Maassen, A. (2018). Emerging trends and innovations for electric
bus adoption—a comparative case study of contracting and financing of 22 cities in
the Americas, Asia-Pacific, and Europe. Research in Transportation Economics, 69,
470-481. https://doi.org/10.1016/j.retrec.2018.07.017

Li, M., Wang, Y., Peng, P., & Chen, Z. (2024). Toward efficient smart management: A
review of modeling and optimization approaches in electric vehicle-transportation
network-grid integration. Green Energy and Intelligent Transportation. https://doi.org/
10.1016/j.geits.2024.100181. Article 100181.

Lim, H. J., Park, S. Y., & Yoo, S. H. (2025). City bus electrification in South Korea: Public
preference identified through contingent valuation experiment. Cities, 157, Article
105604.

Mahmoud, M., Garnett, R., Ferguson, M., & Kanaroglou, P. (2016). Electric buses: A
review of alternative powertrains. Renewable and Sustainable Energy Reviews, 62,
673-684. https://doi.org/10.1016/j.rser.2016.05.019

Maizlish, N., Rudolph, L., & Jiang, C. (2022). Health benefits of strategies for carbon
mitigation in US transportation, 2017-2050. American Journal of Public Health, 112
(3), 426-433.

Manzolli, J. A., Trovao, J. P., & Antunes, C. H. (2022). A review of electric bus vehicles
research topics-methods and trends. Renewable and Sustainable Energy Reviews, 159,
Article 112211. https://doi.org/10.1016/j.rser.2022.112211

Maybury, L., Corcoran, P., & Cipcigan, L. (2022). Mathematical modelling of electric
vehicle adoption: A systematic literature review. Transportation Research Part D:
Transport and Environment, 107, Article 103278. https://doi.org/10.1016/j.
trd.2022.103278

McCabe, D., & Ban, X. J. (2023). Optimal locations and sizes of layover charging stations
for electric buses. Transportation Research Part C: Emerging Technologies, 152, Article
104157. https://doi.org/10.1016/j.trc.2023.104157

Research in Transportation Economics 117 (2026) 101765

Mishra, A. R., Rani, P., Saeidi, P., Alrasheedi, A. F., & Alshamrani, A. M. (2024). Decision
support framework for healthcare waste disposal techniques assessment using an
integrated picture fuzzy gained and lost dominance score-based approach.
Engineering Applications of Artificial Intelligence, 138, Article 109394.

Navyasri, G. S., Krishna, B. N., Manideep, P. S., & Devi, V. K. (2023). Smart controller IoT
based for electric vehicles. In 2023 third international conference on advances in
electrical, computing, communication and sustainable technologies (ICAECT) (pp. 1-6).
IEEE. https://doi.org/10.1109/ICAECT56975.2023.10155663.

Onat, N. C., Gumus, S., Kucukvar, M., & Tatari, O. (2016). Application of the TOPSIS and
intuitionistic fuzzy set approaches for ranking the life cycle sustainability
performance of alternative vehicle technologies. Sustainable Production and
Consumption, 6, 12-25. https://doi.org/10.1016/j.spc.2015.12.003

Ozdagoglu, A., Oztas, G. Z., Keles, M. K., & Genc, V. (2022). A comparative bus selection
for intercity transportation with an integrated PIPRECIA & COPRAS-G. Case Studies
on Transport Policy, 10(2), 993-1004. https://doi.org/10.1016/j.cstp.2022.03.012

Pagliaro, M., & Meneguzzo, F. (2019). Lithium battery reusing and recycling: A circular
economy insight. Heliyon, 5(6), Article e01866. https://doi.org/10.1016/j.
heliyon.2019.e01866

Pala, O. (2024). Assessment of the social progress on European union by logarithmic
decomposition of criteria importance. Expert Systems with Applications, 238, Article
121846. https://doi.org/10.1016/j.eswa.2023.121846

Pamucar, D., Simic, V., Gorciin, O. F., & Kiiciikonder, H. (2024). Selection of the best big
Data platform using COBRAC-ARTASI methodology with adaptive standardized
intervals. Expert Systems with Applications, 239, Article 122312. https://doi.org/
10.1016/j.eswa.2023.122312

Patil, M., & Majumdar, B. B. (2021). Prioritizing key attributes influencing electric two-
wheeler usage: A multi criteria decision making (MCDM) approach-A case study of
Hyderabad, India. Case Studies on Transport Policy, 9(2), 913-929. https://doi.org/
10.1016/j.cstp.2021.04.011

Pradhan, P., Shabbiruddin, & Pradhan, S. (2022). Selection of electric vehicle using
integrated Fuzzy-MCDM approach with analysis on challenges faced in hilly terrain.
Energy Sources, Part A: Recovery, Utilization, and Environmental Effects, 44(2),
2651-2673. https://doi.org/10.1080/15567036.2022.2056665

Rajagopal, D., Sawant, V., Bauer, G. S., & Phadke, A. A. (2022). Benefits of electrifying
app-taxi fleet-a simulation on trip data from New Delhi. Transportation Research Part
D: Transport and Environment, 102, Article 103113. https://doi.org/10.1016/j.
trd.2021.103113

Rani, P., Mishra, A. R., Alshamrani, A. M., Alrasheedi, A. F., & Tirkolaee, E. B. (2025).
Picture fuzzy compromise ranking of alternatives using distance-to-ideal-solution
approach for selecting blockchain technology platforms in logistics firms. Engineering
Applications of Artificial Intelligence, 142, Article 109896.

Ren, X., Sun, S., & Yuan, R. (2021). A study on selection strategies for battery electric
vehicles based on sentiments, analysis, and the MCDM model. Mathematical Problems
in Engineering, 2021(1), Article 9984343. https://doi.org/10.1155/2021/9984343

Rodrigues, A. L., & Seixas, S. R. (2022). Battery-electric buses and their implementation
barriers: Analysis and prospects for sustainability. Sustainable Energy Technologies and
Assessments, 51, Article 101896. https://doi.org/10.1016/j.seta.2021.101896

Saraji, M. K., & Streimikiene, D. (2022). Evaluating the circular supply chain adoption in
manufacturing sectors: A picture fuzzy approach. Technology in Society, 70, Article
102050.

Seth, N., & Kartheek, C. N. (2024). Optimising electric vehicle selection in India: A
hybrid WASPAS and AHP approach. In 2024 international conference on electrical
electronics and computing technologies (ICEECT), Greater Noida, India, 1 pp. 1-5).
https://doi.org/10.1109/ICEECT61758.2024.10738874

Sonar, H. C., & Kulkarni, S. D. (2021). An integrated AHP-MABAC approach for electric
vehicle selection. Research in Transportation Business & Management, 41, Article
100665. https://doi.org/10.1016/j.rtbm.2021.100665

Stopka, O., Stopkova, M., & Pecman, J. (2022). Application of multi-criteria decision-
making methods for evaluation of selected passenger electric cars: A case study.
Commun. Sci. Lett. Univ. Zilina, 24(3), A133-A141.

Siit, N.i., Hamurcu, M., & Eren, T. (2019). An application of green transportation in
campus: A decision making process for selection of ring vehicles. Gazi Journal of
Engineering Sciences, 5(1), 9-21.

Teoh, L. E., Khoo, H. L., Goh, S. Y., & Chong, L. M. (2018). Scenario-based electric bus
operation: A case study of Putrajaya, Malaysia. International Journal of Transportation
Science and Technology, 7, 10-25. https://doi.org/10.1016/].ijtst.2017.09.002

Tian, Z. P., Liang, H. M., Nie, R. X., Wang, X. K., & Wang, J. Q. (2023). Data-driven multi-
criteria decision support method for electric vehicle selection. Computers & Industrial
Engineering, 177, Article 109061. https://doi.org/10.1016/j.cie.2023.109061

Turkish Statistical Institute. (2024). The results of address based population registration
System, 2024 https://data.tuik.gov.tr/Bulten/Index?p=The-Results-of-Address
-Based-Population-Registration-System-2024-53783&dil=2. (Accessed 25 October
2025).

Turon, K., Kubik, A., & Chen, F. (2022). What car for car-sharing? Conventional, electric,
hybrid or hydrogen fleet? Analysis of the vehicle selection criteria for car-sharing
systems. Energies, 15(12), 4344. https://doi.org/10.3390/en15124344

Turon, K., Kubik, A., & Chen, F. (2022). What car for car-sharing? Conventional, electric,
hybrid or hydrogen fleet? Analysis of the vehicle selection criteria for car-sharing
systems. Energies, 15(12), 4344. https://doi.org/10.3390/en15124344.

UITP (International Association of Public Transport). Autonomous vehicles: Potential
game changer for urban mobility. https://www.uitp.org/publications/autonomous-
vehicles-a-potential-game-changer-for-urban-mobility/.

Varghese, A. M., & Pradhan, R. P. (2025). A comprehensive review and research agenda
on the adoption, transition, and procurement of electric bus technologies into public
transportation. Sustainable Energy Technologies and Assessments, 75, Article 104218.

16


https://doi.org/10.1007/s10668-024-03899-1
https://doi.org/10.1007/s10668-024-03899-1
https://doi.org/10.1016/j.tre.2023.103337
https://doi.org/10.1016/j.engappai.2022.104942
https://doi.org/10.1016/j.engappai.2022.104942
https://doi.org/10.3390/su12072777
https://doi.org/10.3390/su12072777
https://doi.org/10.3846/transport.2022.17068
https://doi.org/10.1108/14635771111109822
https://doi.org/10.1108/14635771111109822
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref37
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref37
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref37
https://www.iea.org/reports/global-ev-outlook-2025
https://www.iea.org/reports/global-ev-outlook-2025
https://iett.istanbul/BBImages/Slider/Image/i%CC%87ett-genel-mu%CC%88du%CC%88rlu%CC%88g%CC%86u%CC%88_2024-faaliyet-raporu-1.pdf
https://iett.istanbul/BBImages/Slider/Image/i%CC%87ett-genel-mu%CC%88du%CC%88rlu%CC%88g%CC%86u%CC%88_2024-faaliyet-raporu-1.pdf
https://doi.org/10.1007/978-3-030-51156-2_15
https://doi.org/10.1007/s11869-020-00812-y
https://doi.org/10.1108/MD-12-2021-1621
https://doi.org/10.1108/MD-12-2021-1621
https://doi.org/10.1016/j.ecmx.2024.100552
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref44
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref44
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref44
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref44
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref45
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref45
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref45
https://doi.org/10.1016/j.energy.2016.03.075
https://doi.org/10.1080/15568318.2013.826985
https://doi.org/10.1080/15568318.2013.826985
https://doi.org/10.1016/j.retrec.2018.07.017
https://doi.org/10.1016/j.geits.2024.100181
https://doi.org/10.1016/j.geits.2024.100181
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref50
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref50
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref50
https://doi.org/10.1016/j.rser.2016.05.019
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref52
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref52
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref52
https://doi.org/10.1016/j.rser.2022.112211
https://doi.org/10.1016/j.trd.2022.103278
https://doi.org/10.1016/j.trd.2022.103278
https://doi.org/10.1016/j.trc.2023.104157
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref56
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref56
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref56
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref56
https://doi.org/10.1109/ICAECT56975.2023.10155663
https://doi.org/10.1016/j.spc.2015.12.003
https://doi.org/10.1016/j.cstp.2022.03.012
https://doi.org/10.1016/j.heliyon.2019.e01866
https://doi.org/10.1016/j.heliyon.2019.e01866
https://doi.org/10.1016/j.eswa.2023.121846
https://doi.org/10.1016/j.eswa.2023.122312
https://doi.org/10.1016/j.eswa.2023.122312
https://doi.org/10.1016/j.cstp.2021.04.011
https://doi.org/10.1016/j.cstp.2021.04.011
https://doi.org/10.1080/15567036.2022.2056665
https://doi.org/10.1016/j.trd.2021.103113
https://doi.org/10.1016/j.trd.2021.103113
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref66
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref66
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref66
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref66
https://doi.org/10.1155/2021/9984343
https://doi.org/10.1016/j.seta.2021.101896
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref69
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref69
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref69
https://doi.org/10.1109/ICEECT61758.2024.10738874
https://doi.org/10.1016/j.rtbm.2021.100665
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref72
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref72
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref72
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref73
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref73
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref73
https://doi.org/10.1016/j.ijtst.2017.09.002
https://doi.org/10.1016/j.cie.2023.109061
https://data.tuik.gov.tr/Bulten/Index?p=The-Results-of-Address-Based-Population-Registration-System-2024-53783&amp;dil=2
https://data.tuik.gov.tr/Bulten/Index?p=The-Results-of-Address-Based-Population-Registration-System-2024-53783&amp;dil=2
https://doi.org/10.3390/en15124344
https://doi.org/10.3390/en15124344
https://www.uitp.org/publications/autonomous-vehicles-a-potential-game-changer-for-urban-mobility/
https://www.uitp.org/publications/autonomous-vehicles-a-potential-game-changer-for-urban-mobility/
http://refhub.elsevier.com/S0739-8859(26)00062-4/optjbHokA6ieU
http://refhub.elsevier.com/S0739-8859(26)00062-4/optjbHokA6ieU
http://refhub.elsevier.com/S0739-8859(26)00062-4/optjbHokA6ieU

V. Tatar et al.

Wei, G., & Gao, H. (2018). The generalized Dice similarity measures for picture fuzzy sets
and their applications. Informatica, 29(1), 107-124.

Wei, Q., & Zhou, C. (2023). A multi-criteria decision-making framework for electric
vehicle supplier selection of government agencies and public bodies in China.
Environmental Science and Pollution Research, 30(4), 10540-10559.

Yue, C. (2020). Picture fuzzy normalized projection and extended VIKOR approach to
software reliability assessment. Applied Soft Computing, 88, Article 106056.

Zadeh, L. A. (1965). Fuzzy sets. Information and Control, 8(3), 338-353. https://doi.org/
10.1016/50019-9958(65)90241-X

Research in Transportation Economics 117 (2026) 101765

Ziemba, P. (2020). Multi-criteria stochastic selection of electric vehicles for the
sustainable development of local government and state administration units in
Poland. Energies, 13(23), 6299. https://doi.org/10.3390/en13236299

Ziemba, P. (2021). Monte Carlo simulated data for multi-criteria selection of city and
compact electric vehicles in Poland. Data in Brief, 36, Article 107118. https://doi.
org/10.1016/j.dib.2021.107118

Zhong, L., Zeng, Z., Huang, Z., Shi, X., & Bie, Y. (2024). Joint optimization of electric bus
charging and energy storage system scheduling. Front. Eng. Manag., 11(4), 676-696.
https://doi.org/10.1007/542524-024-3102-2.

17


http://refhub.elsevier.com/S0739-8859(26)00062-4/sref82
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref82
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref83
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref83
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref83
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref85
http://refhub.elsevier.com/S0739-8859(26)00062-4/sref85
https://doi.org/10.1016/S0019-9958(65)90241-X
https://doi.org/10.1016/S0019-9958(65)90241-X
https://doi.org/10.3390/en13236299
https://doi.org/10.1016/j.dib.2021.107118
https://doi.org/10.1016/j.dib.2021.107118
https://doi.org/10.1007/s42524-024-3102-2

	An integrated fuzzy decision-making framework for the evaluation of electric buses in public transportation: A case study i ...
	1 Introduction
	2 Related studies
	2.1 Research and analysis of electric transportation
	2.2 The MCDM approaches to EV selection
	2.3 Research gap and contributions

	3 Methodological architecture
	3.1 PFS: preliminaries
	3.2 The proposed model

	4 Case location
	4.1 Data description
	4.2 The implementation of the methodology
	4.3 Analysis of sensitivity

	5 Conclusion and policy recommendations
	5.1 Managerial implications
	5.2 Economic and welfare implications of electric bus adoption
	5.3 Limitations of the study and future research

	CRediT authorship contribution statement
	Declaration of competing interest
	Appendix A Supplementary data
	Data availability
	References


