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Abstract
Smart cities development is an ambitious project launched in India in 2015 with around 14 billion USD. Smart city mis-
sion program primarily aimed at reducing the carbon footprint and encouraging green and sustainable practices. Under this 
context, clean energy usage for demand fulfillment became the prime focus. India’s geographic location gifts the nation 
with diverse clean energy sources (CES). Owing to the multiple sustainable criteria that are both conflicting and correlated, 
there is an urge for a multi-criteria decision approach. Previously, literatures on CES selection have not been able to grab 
the hesitation properly and handle uncertainty effectively. Since the human mind is dynamic, hesitation is an integral part of 
choice making. Hesitant fuzzy set (HFS) is a generic set that captures hesitation better. Driven by these claims, in this work, 
a new framework for CES selection is developed. Attitude-driven entropy measure is proposed for criteria weight assessment, 
and a mathematical model is formulated for ranking CESs. Together, these methods constitute a decision framework that (i) 
considers the attitude of experts and captures hesitation during rating process and (ii) acquires partial personal choices from 
experts before ranking CESs. To testify the framework, a case study from a smart city within Tamil Nadu (a state in India) 
is explained. Sensitivity analysis reveals the robustness of the framework, and comparison with other works showcases the 
novel innovations of the proposal.
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Introduction

India started focusing rigorously on sustainable green prac-
tices with the core aim to reduce the carbon footprint. As 
per the resolution in Paris Accord (Ourbak and Magnan 
2018), India is determined to reduce the emission intensity 
by 30–35% within 2030. One crucial way to do this is to 
transform the nation’s focus towards clean energy sources 
(CESs). Due to the advent of Industry 4.0 and the National 
Smart City Mission (NSCM) project, the need for energy 
is abundant in India. Indragandhi et al. (2017) prepared an 
interesting survey on India’s CESs. They claimed that by 
2050, the transformation would aid the country to global 
sustainable development and retain environmental well-
being by satisfying the energy demand with reduced green-
house gas emissions. Due to the geographic location of 
India, CESs such as biomass, geothermal, wind, solar, and 
hydro are dominant (Reddy and Painuly 2004).

CESs are the non-conventional energy options that are 
clean, renewable, and focus on preserving the ecosystem 
(Rani et al. 2020a, b). The main theme of the NSCM project 
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is to make use of the technological advancement to promote 
the lifestyle of people towards healthy and better standards 
with eco-balance and eco-friendliness. During the pro-
cess, cities that tend to grow smart need energy for various 
socio-economic activities (Eremia et al. 2017). As a reliable 
option, India focused on CESs. Literatures on CES assess-
ment have clarified that there are various criteria associated 
with each CES and the selection of an apt source is a typi-
cal multi-criteria decision problem (MCDP) (Cavallaro and 
Ciraolo 2013; Cavallaro et al. 2016). Also, it is inferred that 
uncertainty is an integral part of the process.

Driven by these claims, in this work, a framework is put 
forward for CES selection by adopting hesitant fuzzy set 
(HFS) (Torra 2010) information. HFS is a generalization 
of a fuzzy set that allows experts to provide multiple grades 
for a specific alternative over a criterion. For example, an 
interviewer rates a candidate based on her communication 
ability and the grades provided as 0.45, 0.55, and 0.70. This 
clarifies that the interviewer can flexibly offer grades, and 
the sense of hesitation and uncertainty can be better modeled 
by using HFS. Rodríguez et al. (2014) recently offered a sur-
vey presenting the extant decision models in HFS, variants 
of HFS, and applications where HFS was popularly used. 
This survey provides certain inferences such as (i) HFS is an 
elegant and flexible style for decision-making, and (ii) there 
is high scope for solving problems with uncertainty like the 
CES selection problem.

Furthermore, in terms of the application, Mardani et al. 
(2017a, b) prepared an interesting review of the usage of 
decision approaches for CES selection and assessment. They 
inferred that (i) CES selection involves a diverse set of com-
peting factors under the perspectives of social, economic, 
and environment; (ii) uncertainty is implicit in the selection 
process; and (iii) integrated methods are more suitable and 
popular for such selection problems. Based on the system-
atic review, certain challenges are also encountered, such 
as (i) capturing uncertainty/hesitation in preferences is an 
ordeal and subjective biases in rating causes inaccuracies in 
decision-making; (ii) interaction among sustainable criteria 
for CES selection is not captured adequately; (iii) partial 
information from experts on each CES may be unutilized, 
and there is information loss/ignorance in the system.

These challenges motivate the authors to set up the fol-
lowing contributions in this work, and they are as follows:

•	 HFS is adopted as the preferred style that not only is 
flexible but also mitigates subjectivity. Experts gain the 
freedom to rate CESs by using multiple grades.

•	 Furthermore, interactions among criteria are captured by 
proposing an attitude-based entropy measure that meas-
ures uncertainty with weighted information gain factor 
and considers the behavior of experts who share her/his 
views on the sustainable criteria.

•	 Generally, experts have their preference value or choice 
in their mind pertaining to each alternative (here CES), 
which must be gathered and utilized as it serves as poten-
tial information in ranking. Such partial information is 
not modeled properly in previous works related to HFS-
based energy source selection (Mardani et al. 2017a, b).

•	 Finally, a fusion rule is adopted to obtain a holistic rank-
ing of CESs, and a case example of the smart city within 
Tamil Nadu state in India is demonstrated to realize the 
practicality.

The organization of the rest of the paper is as follows. 
Review of literatures relating to clean energy selection and 
HFS-based decision models are presented in “Literature 
review.” Proposed methodology is depicted in detail in “A 
new methodology for CES selection.” A case example of 
clean energy source selection is put forward in “Case sample 
— energy source selection for a smart city” to demonstrate 
the usefulness of the developed integrated framework. In 
“Investigation with other methods,” comparative study is 
conducted to demonstrate the strengths and weaknesses of 
the framework. Finally, in “Conclusion,” conclusions with 
future directions are presented.

Literature review

In this section, existing models are reviewed to clearly 
understand the work done previously that lays the foundation 
for identifying the research challenges and presenting con-
tributions to circumvent the challenges. Recent and relevant 
literatures from CES selection models and HFS-decision 
models are reviewed.

CES selection

CES selection is actively performed with the help of deci-
sion-making methods. Mardani et al. (2017a, b) and Kumar 
et al. (2017) prepared reviews on diverse decision methods 
used for CES selection.

Xu et al. (2019) to select the most efficient CES for 
hydrogen production developed a combined fuzzy MCDM 
approach based on fuzzy analytical hierarchy process (AHP) 
and data envelopment analysis (DEA).

From the reviews, it is inferred that decision models are 
appropriate for energy evaluation, and CES selection is an 
interesting problem in the sustainability domain. With the 
notion of extending the review on CES selection further, we 
present the recent and relevant works. Ozorhon et al. (2018) 
came up with an analytical network process to grab the rela-
tionship among technical, environmental, and economic cri-
teria for proper investment in CESs. Cavallaro et al. (2018) 
gave a new decision approach with entropy measure and 
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intuitionistic fuzzy number to evaluate solar hybrid power 
plant. Zhang et al. (2019) put forward a hybrid method 
under a 2D-linguistic context with a mathematical model 
and TODIM approach for CES evaluation in China. Lee and 
Chang (2018) came up with a comparative study of deci-
sion models for CES assessment in Taiwan to recommend 
the nation towards apt CES. Entropy measure was used for 
weight calculation of factors such as cost, job creation, and 
operations, and diverse ranking methods were applied for 
ranking CESs. Cavallaro et al. (2018) made an assessment 
of concentrated solar power technology by integrating TOP-
SIS with trigonometric entropy measure under intuitionis-
tic fuzzy context. Krishankumar et al. (2019) developed an 
integrated framework with generalized fuzzy data for CES 
selection. Mathematical models along with the Maclaurin 
operator and COPRAS approach were proposed to evaluate 
energy sources.

Jha and Singh (2019) came up with data envelopment 
analysis for ranking states with India in terms of high scope 
for CESs and inferred that Tamil Nadu is the leading state, 
followed by Haryana and Uttar Pradesh. Rani et al. (2019) 
evaluated CESs by using Pythagorean fuzzy data, divergence 
measure, and VIKOR that aids in understanding a suitable 
source for meeting the demands of the Indian population. 
Recently, Siksnelyte-Butkiene et al. (2020) presented an 
interesting review on decision methods for CES assessment 
with households. Fossile et al. (2020) gave a new framework 
with linear programming and a flexible-interactive trade-off 
method for identifying suitable CES for Brazilian port with 
the help of 20 sustainable criteria. Rani et al. (2020a, b) 
gave a fuzzy-based framework with divergence and TOP-
SIS approach for CES assessment to satisfy Indian demands. 
Wang and Yang (2020) developed a non-linear framework 
supported with projection, clustering, and genetic algo-
rithm for assessing sustainability criteria such as economic, 
energy, environment, and society for CES adoption in the 
United Nations. Krishankumar et al. (2021a, b) proposed 
a new framework for CES evaluation in the Indian context 
for peoples’ energy demand by adopting generic fuzzy data 
and integrated regret theory with the Maclaurin operator. 
Alizadeh et al. (2020) provided an improved model for CES 
decision-making with the help of ANP and BOCR meth-
ods that considers criteria such as vulnerability, technology, 
economy, well-being and determines viable energy option 
for Iran. Krishankumar et al. (2020) developed a new model 
under the linguistic context for CES assessment by propos-
ing methods for criteria/expert weight calculation and rank-
ing. Wu et al. (2020) assessed the risk factors in adopting 
CES in China owing to the Belt and Road initiative and 
found that out of 34 risk factors, political and economic 
risks are substantial for CES adoption. ANP-cloud model 
was adopted to understand the effects of these risk factors in 
54 nations. Krishankumar et al. (2021a, b) gave a new model 

under a q-rung fuzzy context that allows data preprocess-
ing and decision-making for rational CES selection. Meng 
et al. (2021) put forward DEMATEL method with TOPSIS/
VIKOR for evaluating fintech projects to aid investment sup-
port for clean energy by adopting Pythagorean fuzzy infor-
mation. Pandey et al. (2021) gave a review from the biblio-
metric context for clean energy assessment with MCDM 
methods and different fuzzy variants. Wood (2021) prepared 
fuzzy/intuitionistic fuzzy TOPSIS along with subjective/
objective weights determination strategies for evaluating 
the feasibility stage of clean energy alternative. Kokkinos 
et al. (2021) integrated TOPSIS with cognitive maps under 
fuzzy context for the selection of suitable biomass feedstock 
for biofuel generation. Solangi et al. (2021) developed an 
integrated AHP-TOPSIS with fuzzy data for assessing the 
barriers associated with clean energy adoption.

Table 1 provides evidence/support from the literature 
studies on CES selection for the challenges that are iden-
tified (presented in Abstract and Introduction). It can be 
inferred directly that attitude/weight values of experts 
are not considered during criteria weight determination. 
Besides, hesitation of experts is not captured during rating 
of criteria. Finally, the importance value associated with 
each CES given by an expert cannot be utilized during the 
ranking process. Though there are some frameworks that 
attempt to tackle these challenges, all these challenges are 
not adequately addressed by a framework to the best of 
authors’ knowledge. Driven by the claim, in this paper, a 
new framework with HFS data is proposed for CES selection 
that could circumvent the challenges (mentioned in Abstract 
and Introduction).

HFS‑based decision models

HFS (Torra 2010) is an interesting generalization to 
the fuzzy set that promotes experts to provide multi-
ple grades to model their hesitation/uncertainty with 
respect to MCDPs. Some basic operations on HFS are 
developed in (Torra and Narukawa 2009). Scholars 
extended popular ranking methods such as VIKOR 
(Krishankumar et  al.  2018), best-worst approach 
(J. Li et  al. 2019), and MOOSRA (Narayanamoor-
thy et  al.  2020), combined compromise solution 
approach (Mishra et al. 2021), TOPSIS (Senvar et al. 
2016), WASPAS (Mishra et al. 2019), AHP (Zhu et al. 
2016), and TODIM (Zhang and Xu 2014) under HFS 
for rational selection of alternatives. Certain entropy 
(Zhang et al. 2014) and distance measures (Li et al. 
2020; Xu and Xia 2011) under the HFS context are 
developed for decision-making. Preferences from mul-
tiple experts in HFS information are aggregated by 
using operators such as Qin et al. (2015), Xia and Xu 
(2011), and Qin et al. (2016). Scholars also provided 
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certain variants such as dual-HFS (Zhu et al. 2012), 
probabilistic HFS (Xu and Zhou 2016), interval-HFS 
(Darabi and Heydari 2016), and alike for improving 
decision-making activities. Some scholars proposed 
some interesting applications of HFS to environ-
mental and sustainable problems. Wang et al. (2020) 
present a multi-stage gray group decision-making 
method based on hesitant fuzzy linguistic term sets 
for water pollution treatment alternatives. Özkan et al. 
(2020) to identify alternative landfill sites suggest a 
method by combining hesitant fuzzy linguistic term 
sets (HFLTS) and GIS. Boyaci et al. (2021) to find 
out sites for waste vegetable oil and waste battery 
collection boxes offer a methodology that combines 
geographic information systems (GIS), hesitant fuzzy 
linguistic term set (HFLTS), and the full multipli-
cative form of multi-objective optimization by ratio 
analysis (MULTIMOORA).

The literature review made above adds motivation to 
the contributions presented in this research paper used to 
circumvent the challenges inferred from these literatures. 
In the next section, the core methodology is explained in 
detail.

A new methodology for CES selection

The core contribution of this paper is explained in 
detail in the forthcoming sections. We provide some 
basic concepts that lay the foundations for the proposed 
methodology. A stepwise explanation is provided for 
the proposed methods.

Preliminaries

Let us make a brief review of the HFSs and their operations.
Definition 1
(Torra 2010): XT  is a fixed set. An HFS on XT  is a func-

tion h that yields a subset in the unit interval that is math-
ematically given by:

where hHV (xt) = h accepts multiple grades for membership 
in the unit interval.

Remark 1: For brevity, hi = �k
i
 is a hesitant fuzzy ele-

ment (HFE) where k is the index associated with multiple 
grades.

Definition 2
(Xia and Xu 2011): h1 and h2 are two HFEs as before. 

Some arithmetic operations with the elements are given by:

where 𝜁 > 0.
Definition 3
(Torra 2010): h1 is an HFE as defined earlier. The score 

and deviation measures are given by:

(1)HV =
(
xt, hHV (xt)|xt ∈ XT

)

(2)h1 ⊕ h2 =
(
𝜇k
1
+ 𝜇k

2
− 𝜇k

1
𝜇k
2

)

(3)h1 ⊗ h2 =
(
𝜇k
1
𝜇k
2

)

(4)h
�

1
=
(
�i

)�

(5)�h1 = 1 −
(
1 − �1

)�

Table 1   Summary of research gaps in the existing CES selection models

Sources Experts’ attitude/weight Hesitation during criteria 
rating process

Partial information on the 
importance of CESs

Personalized 
ranking of 
options

Cavallaro et al. (2018) Not considered Not captured Not considered No
Zhang et al. (2019) Not considered Captured Not considered No
Lee and Chang (2018) Not considered Not captured Not considered No
Krishankumar et al. (2019) Not considered Captured Not considered No
Jha and Singh (2019) Considered Not captured Not considered No
Rani et al. (2019) Not considered Not captured Not considered No
Siksnelyte-Butkiene et al. (2020) Not considered Captured Not considered No
Fossile et al. (2020) Not considered Captured Considered No
Wang et al. (2020) Not considered Captured Not considered No
Rani et al. (2020a, b) Considered Captured Not considered No
Alizadeh et al. (2020) Not considered Not captured Not considered No
Krishankumar et al. (2020) Considered Captured Not considered No
Wu et al. (2020) Not considered Not captured Not considered No
Krishankumar et al. (2021a, b) Considered Captured Not considered No
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where #h1 denotes the instance elements in an HFS, S(.) is 
the score measure, and D(.) is the deviation measure.

It must be noted that Eqs. (6) and (7) are used for com-
parison of HFEs. Elements with higher score values are 
preferred more and elements with lower deviation values 
are preferred more.

Attitude entropy for HFS information

The section primarily deals with the idea of criteria weight 
calculation under the HFS context. Driven by the work of 
Kao (2010), it is concluded that weights must be methodi-
cally determined for reducing subjectivity and inaccuracies. 
Motivated by this, an attitude entropy measure is put forward 
for weight calculation using HFEs. In general, weights can 
be assessed in two ways, viz., (a) without any information 
over the criterion and (b) with some partial information over 
the criterion. A common idea in both these themes is that 
each expert provides a vector of rating over the criteria. Fol-
lowing this, in the former setting, relative importance is fully 
unavailable, which may be due to a lack of expertise or pres-
sure from diverse sources. The latter part includes certain 
information about the significance of the criteria.

The latter setting puts an overhead of additional informa-
tion that is circumvented in the former setting. The popular 
methods in the former context are the analytical hierarchy 
process (Beskese et al. 2020), stepwise weighted assess-
ment ratio analysis (Mardani et al. 2017a, b), (Rani et al. 
2020a), best-worst method (Pamucar et al. 2021), and so 
on. But, these methods cannot efficiently quantify uncer-
tainty, and hence, the idea of entropy is extended to HFS 
for rational weight calculation. Entropy (Namdari and Li 
2019) is used to quantify uncertainty by calculating average 
uncertainty with the help of information gain in the weighted 
form. Moreover, entropy is integrated with an attitude of 
experts to understand the interacting choice behavior of cri-
teria. Motivated by these claims, we present the procedure 
for weight calculation via attitude entropy measure for HFS 
information.

Step 1: Obtain a rating vector from each expert on each 
criterion in the form of ax vectors of order 1 × n . HFS 
information is used for rating criteria.
Step 2: Obtain the attitude value of experts that forms a 
vector of order 1 × ax , and the value is in the unit interval. 
Apply Eq. (5) to form weighted rating vectors.

(6)S
�
h1
�
=

∑#h1
k=1

�
�k
1

�
#h1 − 1

(7)D
(
h1
)
=

√∑
t1,t2∈h1

(
�t1
1
− �t2

1

)2

Step 3: Score measure is adapted from Eq. (6) to the vec-
tors from Step 2 to form a score matrix of order ax × n.
Step 4: Apply Eq. (8) to determine the entropy values 
associated with each criterion, and this forms a vector 
of order 1 × n

where �∗
lj
 is the weighted score value from the score matrix 

and HEj is the entropy associated with the jth criterion.
A higher entropy value for a criterion signifies that 

there is potential information quantified for better handling 
uncertainty.

Step 5: Equation (9) is employed to normalize the entro-
pies for obtaining weights of criteria that form to be a 
1 × n vector.

where ctwj is the jth criterion weight, and it is in the unit 
interval with the sum of weights equal to unity.

Some properties of HEj are given below:

	 (i)	 HEj = 0 when normalized score factors are 0 or 1;
	 (ii)	 HEj is maximum when the normalized score factor 

is 0.50;
	 (iii)	 HEj monotonically increases in the window (0, 0.50) 

and monotonically decreases in the window (0.50, 1);
	 (iv)	 HEj = HEc

j
 for a binary entropic measure.

Proofs:
Whenever the normalized score value gets 0 or 1, the 

resultant entropy value from Eq. (8) becomes 0. That is, 
HEj = 0 either from 1ln1 or 0ln0;

From the binary entropic measure, it is clear that the 
entropy measure is associated to both the belongingness and 
non-belongingness grades indicating �∗ and 1 − �∗ . Clearly, 
at 0.50, HEj is the maximum;

From Eq. (8), it is clear that the value grows from 0 and 
reaches a peak at 0.50 (from (ii)). Later, from 0.50, there is 
a drop in values, and HEj becomes 0 at 1ln1 . This ensures 
the monotonicity of the measure;

I n  t h e  b i n a r y  e n t r o p i c  m e a s u r e ,
HEj = zlnz + (1 − z) ln (1 − z) = 1 − zln(1-z)+(1-z))ln( 1-(1-z ))=HEc

j
      

■
In order to better understand the working of the method, 

let us consider an example:
Example 1: Consider two criteria rated by two experts 

by using HFS as the preference style. C1 is rated by D1 as 
(0.4, 0.5, 0.6) and D2 as (0.3, 0.4, 0.6); C2 is rated by D1 as 

(8)HEj = −
1

ax − 1

��
j

�
�∗
lj∑
l �

∗
lj

ln

�
�∗
lj∑
l �

∗
lj

���

(9)ctwj =
HEj∑
j HEj
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(0.3, 0.35, 0.44) and D2 as (0.5, 0.55, 0.65). D1 is 0.35 and 
D2 is 0.65. Score of C1 and C2 with D1 is 0.22 and 0.15; 
score of C1 and C2 with D2 is 0.31 and 0.42. These values 
are obtained by applying Eqs. (5) and (6). By Eqs. (8) and 
(9), the weights are calculated as 0.49 and 0.51, respectively.

Ranking algorithm with HFS information

The ranking is a crucial step in decision-making that allows 
the sorting of alternatives based on the preference informa-
tion from an expert(s). The ordering of alternatives provides 
a sequence in which the alternatives may select for the pro-
cess being considered. Commonly, preferences are aggre-
gated, and a method is applied to obtain the rank values of 
alternatives (Kumar et al. 2017). In this idea, experts cannot 
share their personal opinion/importance on each alternative, 
and to circumvent the challenge, a new algorithm is put for-
ward. The main idea of the algorithm is to acquire personal 
choice along with the preference rating values and use this 
information for ordering alternatives.

Driven by the idea, a new algorithm is developed in this 
section. A mathematical model is constructed to acquire per-
sonal choices, and finally, a combination rule is presented 
to obtain the net ordering of alternatives. Some key features 
of the algorithm are the following: (i) considers personal 
choices of experts, (ii) considers nature of criteria, and (iii) 
yields both individual and combined ranking of alternatives.

Weighted matrices are formed by applying the vector of 
order 1 × n to the ax matrices of order m × n through Eq. (5). 
Equations (10) and (11) are applied to determine positive 
and negative points criteria wise.

(10)hP
j
= maxj∈Z

(
S
(
h∗
ij

))
orminj∈(n−Z)

(
S
(
h∗
ij

))
∀i

(11)hN
j
= maxj∈(n−Z)

(
S
(
h∗
ij

))
orminj∈Z

(
S
(
h∗
ij

))
∀i

42978 Environmental Science and Pollution Research (2022) 29:42973–42990



1 3

where Z denotes the number of benefit type criteria, h∗
ij
 is the 

weighted HFE, and n − Z denotes cost type criteria.
hP
j
 and hN

j
 are two vectors of order 1 × n . Construct Model 

1 to formulate an optimization problem with objective func-
tion and constrains.

Model 1:

Subject to

RCi is in the unit interval
Model 1 is solved for all ax experts, and each time a vec-

tor of order 1 × m is obtained that must be combined to form 

MinZ =
∑
i∈m

RCi

∑
j∈n

(√∑
k∈#h

(
h∗
ij
− hP

j

)2

−

√∑
k∈#h

(
h∗
ij
− hN

j

)2

)

a holistic ranking of CESs. For this, the combination rule is 
given in Eq. (12). The attitude of experts is used in the com-
bination rule for the rational fusion of values. It is intuitively 
inferred that these rank vectors are based on the rating from 
each expert. Hence, the consideration of their attitude values 
is essential for obtaining the net rank value.

where r = 1, 2,… , ax.

(12)NetRCi =

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1 −

ax�
l=1

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

1 −

r�
ll=1

�
RCi

�

⎛
⎜⎜⎜⎜⎜⎜⎝

⎛
⎜⎜⎜⎝

ax

r

⎞
⎟⎟⎟⎠

r

⎞⎟⎟⎟⎟⎟⎟⎠

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

�l⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

1

∑
ll

⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎛⎜⎜⎜⎝

ax

r

⎞⎟⎟⎟⎠
r

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎠

Fig. 1   A Proposed research 
model for CES selection with 
HFS information. B Flow dia-
gram of the developed frame-
work with HFS information

(A)
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Before providing the case study to testify the usefulness 
of the model, certain novelties of the proposed methodology 
are (i) weights of criteria are determined by capturing the 
hesitation of experts during the rating process along with the 
attitude/weight value associated with each expert who rated 
the criteria. Intuitively, this formulation aided in rational 
weight estimation, which was lacking in the existing models 
(kindly refer Table 1); (ii) importance of each CES from the 
perception of an expert was considered as a potential infor-
mation in the proposed formulation, which led to rational 
ranking of CES. This parameter was missing in the existing 
models (kindly refer Table 1); and (iii) personalized ranking 
of CESs along with net ranking was obtained by using the 
proposed algorithm that gave the experts a feel of personali-
zation and holistic decision-making, which was also lacking 
in the existing models (kindly refer Table 1).

The research model developed (kindly refer Fig. 1A and 
B) in this paper uses HFS information and attempts to pro-
vide mathematical support for the rational selection of CESs 
to satisfy the demand of smart cities in Tamil Nadu, India. 
Experts form a panel for solving the problem at hand. Dif-
ferent CESs are prescreened within Tamil Nadu, and suitable 
sources are shortlisted for the decision process. Based on the 
literature analysis, followed by a detailed discussion with the 
panel members, the criteria are finalized. Each expert gives 

her/his rating on each CES based on a particular criterion. 
HFS preference style is adopted for rating energy sources.

Furthermore, each expert gives her/his opinion of each 
criterion fed as input to the weight calculation procedure. 
Output from this procedure is a vector in the unit interval 
with the sum of values equal to unity. These values are 
considered as weight values of the criteria. Later, the deci-
sion matrices from experts are considered for formulating 
optimization models that are solved using the optimization 
toolbox to obtain rank values of CESs based on each expert’s 
preference data and personal choice. Finally, the rank values 
are fused from each expert to form an aggregated rank value 
vector that aids in ordering CESs to satisfy the demand in 
the smart city. Finally, sensitivity analysis and comparison 
with other methods reveal the superiority of the proposed 
integrated framework.

Figure 1B shows the working procedure of the developed 
framework. After data collection from experts on CESs and 
the criteria used for rating these sources, the model attempts 
to calculate the weights of criteria to understand its impor-
tance. For this, attitudinal entropy measure is adopted, which 
not only handles hesitation during preference sharing but 
also considers the reliability factor associated with each 
expert. This provides rational weight values. Later, personal 
choices on each CES are obtained from experts and they are 
formulated as constraints for ranking CESs in a personalized 

(B)

Fig. 1   (continued)
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fashion based on the data from each expert. Finally, the rank 
values from experts are fused to obtain net rank values that 
help in ordering the CESs.

Case example — energy source selection 
for a smart city

This section demonstrates a case example of selecting a via-
ble CES for meeting the energy demands in the smart city 
within Tamil Nadu (TN). The Union Ministry of Housing 
and Urban Affairs initiated the smart city program within 
Tamil Nadu by planning to enhance livelihood and health in 
11 cities, viz., Chennai, Trichy, Madurai, and Salem. Tamil 
Nadu has completed 167 projects with a total cost of around 
2000 crore INR. Murugaiah et al. (2018) claimed that there 
are many definitions of smart city, and all these make a par-
tial overlapping with the core idea being the active usage of 
ICT technologies for improving the competitive advantage 
through human and technology capital. They also stated 
that a smart city is an umbrella under which smart health, 
smart energy, smart environment, smart economy, and so 
on evolve.

In this context, CESs are the essential form of energy 
that preserves eco-balance and aid in proper satisfaction of 
high energy demand. Smart energy programs trigger nations 
to use non-conventional energy sources driven from nature 
and are pollution-free. India has taken a brave step towards 
reducing the carbon footprint by 2030 without compro-
mising on growth and development at the global level. In 
India, Tamil Nadu is the 11th largest state that spreads out 
to 130,058 sq. km. Its geographic location allows the state to 

spread over both the Eastern and Western Ghats. This geo-
graphic advantage makes Tamil Nadu a significant contribu-
tor to CES, with a net contribution of around 17.20% of the 
total energy produced in the country. Popular natural sources 
for Tamil Nadu constitute wind, solar, and water that could 
be effectively utilized for energy production. The govern-
ment of Tamil Nadu initiated clean energy production as a 
people movement to make the contribution significant for the 
nation. In 1984, the Tamil Nadu energy development agency 
(TEDA) was constituted that took care of the energy demand 
within Tamil Nadu. TEDA is primarily involved in enhanc-
ing R&D activities in the energy sector and improving clean 
energy production from Tamil Nadu. It must be noted that 
around 8000 MW, 4000 MW, and 2000 MW of wind, solar, 
and hydro energy are produced, respectively, by Tamil Nadu. 
TEDA looks after projects for clean energy generation such 
as Raasi green energy, BTN solar, and ReNew solar for solar 
energy generation worth 100 MW from each project. Later, 
Gamesa and Muppndal wind projects help wind energy gen-
eration of worth 850 KW and 25.5 MW, respectively. Also, 
certain projects associated with hydropower generation are 
Kunda and Anamalai hill projects with a capacity for around 
500 MW of hydropower. The main theme of these projects is 
to minimize carbon footprint and enhance sustainability. In 
2005, a biogas power project was initiated in Tamil Nadu for 
18 MW power generation. In 2014, IIT–Madras investigated 
that India has a potential for 12.45 MW of power from tidal 
sources of which the Mannar channel of Tamil Nadu plays 
a vital part.

With this brief and interesting backdrop, in this sec-
tion, we demonstrate the usage of the proposed framework 
by aiding in the rational selection of CES for meeting the 

Table 2   Data matrix from experts in HFS form

CESs Criteria

mc
1

mc
2

mc
3

mc
4

mc
5

mc
6

nc
1

(0.25, 0.3, 0.4) (0.5, 0.45, 0.65) (0.55, 0.6, 0.7) (0.5, 0.65, 0.7) (0.5, 0.45, 0.6) (0.7, 0.5, 0.8)
nc

1
(0.5, 0.65, 0.6) (0.55, 0.6, 0.65) (0.65, 0.6, 0.7) (0.6, 0.55, 0.5) (0.55, 0.7, 0.4) (0.55, 0.4, 0.5)

nc
1

(0.75, 0.5, 0.45) (0.55, 0.65, 0.7) (0.45, 0.6, 0.5) (0.5, 0.65, 0.6) (0.65, 0.55, 0.6) (0.7, 0.65, 0.4)
nc

2
(0.25, 0.4, 0.45) (0.5, 0.45, 0.65) (0.55, 0.6, 0.7) (0.6, 0.8, 0.7) (0.6, 0.55, 0.7) (0.7, 0.55, 0.8)

nc
2

(0.4, 0.6, 0.7) (0.6, 0.7, 0.8) (0.6, 0.7, 0.75) (0.7, 0.8, 0.45) (0.4, 0.7, 0.6) (0.65, 0.4, 0.5)
nc

2
(0.65, 0.55, 0.45) (0.55, 0.6, 0.7) (0.4, 0.6, 0.5) (0.5, 0.65, 0.45) (0.7, 0.55, 0.6) (0.7, 0.65, 0.45)

nc
3

(0.35, 0.4, 0.55) (0.5, 0.6, 0.7) (0.6, 0.7, 0.8) (0.7, 0.8, 0.45) (0.65, 0.6, 0.7) (0.7, 0.65, 0.5)
nc

3
(0.45, 0.6, 0.8) (0.75, 0.7, 0.8) (0.7, 0.6, 0.75) (0.75, 0.6, 0.55) (0.5, 0.6, 0.35) (0.7, 0.6, 0.55)

nc
3

(0.6, 0.7, 0.5) (0.6, 0.7, 0.65) (0.55, 0.7, 0.6) (0.6, 0.4, 0.65) (0.7, 0.6, 0.75) (0.6, 0.65, 0.5)
nc

4
(0.55, 0.5, 0.6) (0.55, 0.6, 0.65) (0.6, 0.7, 0.8) (0.55, 0.8, 0.45) (0.75, 0.65, 0.5)

nc
4

(0.6, 0.7, 0.85) (0.7, 0.55, 0.6) (0.75, 0.6, 0.8) (0.75, 0.6, 0.55) (0.7, 0.6, 0.65)
nc

4
(0.6, 0.5, 0.45) (0.8, 0.7, 0.55) (0.5, 0.7, 0.6) (0.6, 0.5, 0.8) (0.6, 0.7, 0.45)

nc
5

(0.6, 0.75, 0.55) (0.55, 0.7, 0.8) (0.45, 0.65, 0.6) (0.55, 0.65, 0.7) (0.65, 0.7, 0.8)
nc

5
(0.6, 0.7, 0.8) (0.6, 0.55, 0.7) (0.7, 0.55, 0.8) (0.35, 0.45, 0.6) (0.7, 0.5, 0.6)

nc
5

(0.55, 0.65, 0.6) (0.7, 0.5, 0.6) (0.6, 0.7, 0.45) (0.6, 0.5, 0.8) (0.6, 0.7, 0.45)
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energy demand of Chennai (a smart city) in Tamil Nadu. 
Five potential CESs are considered in this study: solar, 
wind, tidal, hydro, and biogas. Based on the literature of 
CES (Mardani et al. 2017a, b) selection, six criteria for 
assessing the CESs are fixed. They are given as durabil-
ity, adaption to government norms, pollution control, secu-
rity, land usage, and total cost. The last two criteria are cost 
type, and the rest are benefit type. Three experts from the 
academics and government sectors constitute the decision 
panel. A senior research scientist from the energy divi-
sion, legal and finance personnel, and chief energy engineer 
are the panel members. For the sake of implementation, 
we refer CESs by NC =

(
nc1, nc2, nc3, nc4, nc5

)
 ; criteria 

by MC =
(
mc1, nc2,mc3,mc4,mc5,mc6

)
 ; and experts by 

DP =
(
dp1, dp2, dp3

)
 . The second and third authors of this 

paper prepared a questionnaire for data collection that was 
fine-tuned based on detailed discussion with other authors 
and the experts who agreed to participate in the case exam-
ple and provided their valuable preferences for effective 
demonstration of the practicality of the framework. The sec-
ond and third authors detailed the work and the preference 
structure via video conferencing, and after a clear under-
standing, the experts accepted the questionnaires and pro-
vided their responses. The response for the questionnaires 
from each expert was sent via email, and with the ethical 

understanding between authors and experts, the integrity of 
the data is maintained. The main reason for collecting data 
in the HFS form is that the experts gain adequate flexibility 
to freely share their grades of preferences for CESs based on 
each sustainable criterion. The data from all three experts 
were collected. A datasheet was formed that was statisti-
cally verified based on Cronbach’s test and chi-squared test 
at 95% confidence to clarify the data’s sampling consistency 
and homogeneity.

Stepwise procedure for CES selection is given below:

Step 1: Each expert provides his/her preference informa-
tion in the form of HFS data that yields a matrix of order 
5 × 6 . Each data matrix represents the rating of CESs 
based on the criteria chosen for assessing the sources.
Table 2 shows the data in the form of HFS information 
collected from experts in a questionnaire. The experts 
gained an opportunity to grade CESs based on diverse cri-
teria flexibly. Opinions of all three experts on each CES 
over a criterion are obtained as preference grades, and it 
is considered the dataset for the decision process.
Step 2: Each expert also provides a preference vector of 
order 1 × 6 that describes his/her choice on each criterion. 
Top officials of the smart city program give the panel 
members reliability values that are considered the weight/

Table 3   Matrix for criteria weight calculation

Experts Criteria

mc
1

mc
2

mc
3

mc
4

mc
5

mc
6

dp
1

(0.5, 0.35, 0.45) (0.5, 0.55, 0.7) (0.6, 0.4, 0.45) (0.65, 0.5, 0.7) (0.45, 0.5, 0.3) (0.55, 0.75, 0.8)
dp

2
(0.6, 0.45, 0.5) (0.65, 0.6, 0.7) (0.5, 0.4, 0.55) (0.7, 0.5, 0.75) (0.55, 0.3, 0.7) (0.6, 0.8, 0.55)

dp
3

(0.5, 0.45, 0.6) (0.65, 0.6, 0.7) (0.6, 0.7, 0.65) (0.7, 0.5, 0.4) (0.6, 0.4, 0.75) (0.7, 0.5, 0.8)

Fig. 2   Score values in a matrix 
of order 3 by 6
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attitude of each expert. All values are in the unit interval, 
and they imply the percentage of reliability and the sum 
of the values equal unity.

Table 3 shows the opinions from each expert on each 
criterion. All experts provide his/her opinion as vectors in 
the form of HFS information. Specifically, a matrix of order 
3 × 6 is presented that is used for weight calculation.

Step 3: Use the data from Step 2 and the procedure given 
in “Attitude entropy for HFS information” to calculate the 
weights of the criteria. A vector of order 1 × 6 is obtained 
with values in the unit interval and the sum of values 
equal to unity.
By applying Eqs. (8) and (9) to the values (obtained from 
Eq. (6)) in Fig. 2, the entropy and weight value of each 
criterion are calculated and that is given as 1.081, 1.085, 
1.097, 1.0788, 1.0797, and 1.098; 0.1659, 0.1664, 0.1683, 
0.1654, 0.1656, and 0.1684, respectively.
Step 4: Data from Step 1 and the calculated weight val-
ues from Step 3 are used to rank CESs in a personalized 

fashion. A rank vector is calculated for each expert based 
on their data/preferences, and the final rank order of CESs 
is determined to help the smart city with their energy 
demands.

Figure  3 depicts the objective function coefficients 
for all experts. By applying the distance norm under the 
minimization framework, the objective function is for-
mulated. As constraints, the partial choice information or 
personal opinion of each expert is considered and its given 
by nc1 ≤ 0.3 , nc2 ≤ 0.1 , nc3 ≤ 0.35 , nc4 = nc5 ≤ 0.25 , 
nc1 + nc2 + nc3 ≤ 1 , nc4 + nc5 ≤ 0.5 , nc1 + nc2 ≤ 0.2 for 
the first two objective functions; nc2 + nc3 + nc4 ≤ 0.55 and 
nc2 + nc4 + nc5 ≤ 0.45 are additional information provided 
by dp3 . As a result, the rank values of CESs (alternatives) 
changes based on the set of constraints. With the help of 
the MATLAB® optimization toolbox, the formulated con-
strained optimization problem is solved. Table 4 provides the 
rank values and the ordering of CESs based on each expert’s 
perception. In general, the final rank values are given by 
Eq. (12) as NR1 = 0.118 , NR2 = 0.092 , NR3 = 0.350 , 
NR4 = 0.232 , and NR5 = 0.234 , and the net order is given 
by nc3 ≺ nc5 ≺ nc4 ≺ nc1 ≺ nc2 with wind energy as viable 
CES for satisfying the energy demand of Chennai, followed 
by solar and hydro sources.

Step 5: Sensitivity analysis on criteria weights is con-
ducted by creating six weights based on shift operation. 
Figure 4 shows the rank values for each new weight set, 
and from the figure, it is clear that the order of CESs does 
not change, indicating the robustness of the framework.

Fig. 3   Coefficients of objective 
functions of each expert
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Table 4   Rank values and orders of CESs based on experts’ perception

Experts CESs

nc
1

nc
2

nc
3

nc
4

nc
5

dp
1

0.05 0.1 0,35 0.25 0.25
Order 1 2 5 3,4 4,3
dp

2
0.1 0.1 0.35 0.25 0.2

Order 1,2 2,1 5 4 3
dp

3
0.15 0.05 0.35 0.15 0.25

Order 2,3 1 5 3,2 4
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Investigation with other methods

To clearly understand the strengths and the shortcomings 
of the framework, a comparative investigation is performed 
in this section. For this purpose, application-oriented and 
method-oriented frameworks are considered from the lit-
erature. Under the application context, frameworks such as 
Rani et al. (2019), Fossile et al. (2020), Zhang et al. (2019), 
and Rani et al. (2020a, b) are compared with the proposed 
work. All these models address the CES selection problem 
under diverse preference structures. Furthermore, under 
the method perspective, we consider Mishra et al. model 
(Mishra et al. 2021), Mishra et al. model (Mishra et al. 
2019), and Krishankumar et al. (2018) for comparison with 

the proposed work. These models use the HFS structure for 
developing decision models. Table 5 presents the summary 
of the comparison under application context and based on 
the pointwise explanation. The proposed framework is novel 
and substantial for CES selection Table 6.

Some innovations of the proposed framework are listed 
below:

•	 The framework uses an HFS structure for preference 
information that provides flexibility to experts to share 
multiple opinions for a particular instance. Specifically, 
experts gain the freedom to share multiple grades for 
expressing their preferences that are lacking in the extant 
frameworks.

Fig. 4   Rank values for different 
weight sets
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Table 5   Characteristics summarization for different CES models

Contexts CES selection frameworks

Proposed (Rani et al. 2019) (Fossile et al. 2020) (Zhang et al. 2019) (Rani et al. 2020a, b)

Structure HFS PFS Fuzzy Linguistic Fuzzy
Grading flexibility High Low Low N/A Low
Subjective randomness Handled Handled Moderately handled Not handled Moderately handled
Interrelationship/hesita-

tion
Properly captured --Not captured--

Additional overhead No No No Yes; from partial weights No
Data transformation Not done Done Done N/A Done
Attitude as weighting 

parameter
Considered --Not considered--

Personalized ranking Yes --No--
Net ranking Obtained with personal 

ordering
--Obtained without personal ordering--

Personal choice of 
experts

Considered during rank-
ing

--Not considered--
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•	 Interrelationship among criteria is captured along with 
the experts’ hesitation during grading criteria, which 
is also lacking in extant models. Besides, each expert’s 
attitude is considered a parameter in the formulation to 
calculate weights rationally.

•	 Unlike extant models, preference grades are directly 
obtained from the experts instead of transforming rating 
data from Likert scale form, which preserves data integ-
rity and provides an open window for experts to share 
their grades freely.

•	 Unlike the extant models, the proposed framework (i) 
acquires personal choices of experts on each CES as par-
tial information, (ii) determines the personalized ranking 
of CESs based on the partial information, and (iii) finally, 
these values are fused to form net ranking of CESs.

•	 The proposed work offers a two-way ranking of CESs, 
one from the experts’ point of view and the other is the 
holistic rank based on the personalized ranking, which is 
lacking in earlier CES selection models.

We conduct experiments for uniqueness tests based on 
correlation values of ranking orders from diverse methods 
from the method perspective. Furthermore, a simulation set-
ting is adopted with 350 matrices of order 5 × 6 generated 
with HFS information, and all these matrices are fed as input 
to these methods. Rank values are obtained, and a devia-
tion measure is used to calculate the discrimination factor 
for each vector. Based on Fig. 5, it is inferred that the pro-
posed work discriminates CESs with acceptable variations 
among individual experiments and the values are statistically 

Table 6   List of abbreviations Abbreviations Expansions

CES Clean energy source
HFS Hesitant fuzzy set
MCDP Multi-criteria decision problem
NSCM National smart city mission
AHP Analytical hierarchy process
ANP Analytical network process
TOPSIS Technique for order preference by similarity to an ideal solution
VIKOR VIekriterijumsko KOmpromisno Rangiranje
PROMETHEE Preference order method enrichment and evaluation
WASPAS Weighted arithmetic sum product assessment
COPRAS Complex proportional assessment
TODIM Interactive and multi-criteria decision making (in Portuguese)
MOOSRA Multi-objective optimization on the basis of simple ratio analysis
MULTIMOORA Multi-objective optimization by ratio analysis plus the full 

multiplicative form

Fig. 5   Boxplot of proposed vs. 
other methods — rank value 
variations
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significant at 95% confidence. Apart from this, sensitivity 
analysis is performed for the reliability test in Step 5 of 
“Case example — energy source selection for a smart city.”

In Fig. 6, correlation values are determined between every 
pair of methods with respect to the proposed framework by 
adopting Spearman’s correlation. Ideally, it is inferred that 
the proposed work is highly unique compared to the earlier 
approaches in terms of the formulation and ranking order. 
This is true because the proposed work considers the per-
sonal choices of experts and embeds them as partial infor-
mation during model formulation. Furthermore, individual 
expert ordering of CES is obtained based on the solution to 
each objective function for an expert data matrix, which is 
fused to form a net ranking of CESs. Earlier models lack the 
ability to process personal choices from experts, and hence, 
the proposed work is unique and novel.

Based on the results from the proposed framework and 
policy actions within India, certain policy implications can 
be made, and they are listed below:

•	 Tamil Nadu is a gifted state in India because of its geo-
graphic location, making it a potential state for CES. 
As per the report from TEDA, Tamil Nadu contributes 
17.20% of total clean/renewable energy (CRE) produced 
by India. Also, the Ministry of New and Renewable 
Energy identified that by 2022, India would expand CRE 
production close to 16%. This would satisfy the demands 
within the nation and aid in future planning and sustain-
ability.

•	 As per the inference from Jha and Singh (2019), states 
such as Tamil Nadu are a leading

•	 contributor for CRE within India, and as mentioned 
earlier, there are many solar and wind projects that are 
approved by TEDA for expanding green practices.

•	 According to the Paris Accord, in 2015, India committed 
to reducing greenhouse gas emissions by 33 to 35%. Fur-
thermore, India expanded CRE usage to 40% from 28% 
that made a notable reduction in carbon footprint, adher-
ing to the prediction of about 50,000 t of CO2 equivalent 
will reduce yearly.

•	 India plans on an ambitious target of 175 GW of CRE to 
satisfy people’s present and future demands. Under this 
initiative, Tamil Nadu plays a crucial part by nearly gen-
erating 2621 MW of solar power and 1567 MW of wind 
power (https://​www.​thehi​ndubu​sines​sline.​com article 
33991339 dated: 17.04.2021). As of 2016, Tamil Nadu 
has a potential of about 2212 MW of hydropower as per 
the report from (https://​www.​elect​rical​india.​in/​hydro-​
power-​scena​rio-​in-​tamil​nadu/ dated: 17.04.2021).

•	 A recent report estimated that Tamil Nadu had a total 
potential of about 15,876 MW of CRE. A biogas ini-
tiative was launched in the Namakkal region of Tamil 
Nadu that had the potential to fuel 1000 vehicles per 
day (https://​www.​thehi​ndu.​com article31899752 dated: 
17.04.2021). This scheme was under a tie-up from Indian 
oil and German oil tanking with a cost of around INR 25 
crore.

•	 The results produced in this research are also in line with 
the available resources and the contribution from each 
clean source. Wind power is identified as the most domi-
nant alternative from Tamil Nadu that can satisfy energy 
needs effectively. Scope for tidal energy in Tamil Nadu is 
subtle, and biogas is preceding as a clean energy option.

•	 Criteria, viz., pollution control and total cost are highly 
preferred, followed by land usage and durability, which 

Fig. 6   Spearman’s correlation for uniqueness test

Table 7   List of symbols and its semantics

Symbols Meaning

ax Number of decision makers
n Number of criteria
HEj Entropy measure of criterion j
l Index of decision maker
j Index of criteria
�∗
lj

Weighted fuzzy number
ctwj Weight of criterion j
m Number of alternaitves (clean energy sources)
h+
j

Positive ideal value associated with criterion j
h−
j

Negative ideal value associated with criterion j
S(.) Score measure
�l Weight of the decision maker
i Index of alternative (clean energy sources)
RCi Rank value associated with alternative i
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are also in line with the policies in Tamil Nadu. The 
entire nation focuses on reducing carbon footprint 
(Shukla and Chaturvedi 2012), which adheres to the pre-
sent study. Another crucial focus of the nation is on the 
feasibility of such energy, and its impact on the economy 
has been prime focus (Muneer et al. 2005).

Conclusion

This work is a value addition to the decision frameworks 
that are actively used for CES selection. The proposed 
framework utilizes a flexible data structure that mitigates 

subjective randomness and allows experts to share multi-
ple preference grades. The present framework calculates 
weights of criteria rationally by considering the attitude val-
ues (weights) of experts and hesitation during the preference 
elicitation process. Furthermore, the personalized ranking of 
CESs based on experts’ choice is possible in the proposed 
framework, along with the net ranking of CESs. Such inno-
vations are lacking in extant frameworks for CES selection.

Moreover, the framework presented in this paper is robust 
for different criteria weight sets (obtained from shift opera-
tion) that are realized through sensitivity analysis. Though 
the rank values change, the ordering remains intact. Spear-
man’s correlation is applied to the ranking order to ensure 

Table 8   Sample questionnaire Question(s) Hesitant fuzzy value(s)

Value 1 Value 2 Value 3

Solar
Please rate the energy source with respect to durability
Please rate the energy source with respect to adaptability to government norms
Please rate the energy source with respect to pollution control ability
Please rate the energy source with respect to security aspects
Please rate the energy source with respect to the land usage and occupancy
Please rate the energy source with respect to total cost
Wind
Please rate the energy source with respect to durability
Please rate the energy source with respect to adaptability to government norms
Please rate the energy source with respect to pollution control ability
Please rate the energy source with respect to security aspects
Please rate the energy source with respect to the land usage and occupancy
Please rate the energy source with respect to total cost
Tidal
Please rate the energy source with respect to durability
Please rate the energy source with respect to adaptability to government norms
Please rate the energy source with respect to pollution control ability
Please rate the energy source with respect to security aspects
Please rate the energy source with respect to the land usage and occupancy
Please rate the energy source with respect to total cost
Hydropower
Please rate the energy source with respect to durability
Please rate the energy source with respect to adaptability to government norms
Please rate the energy source with respect to pollution control ability
Please rate the energy source with respect to security aspects
Please rate the energy source with respect to the land usage and occupancy
Please rate the energy source with respect to total cost
Biogas
Please rate the energy source with respect to durability
Please rate the energy source with respect to adaptability to government norms
Please rate the energy source with respect to pollution control ability
Please rate the energy source with respect to security aspects
Please rate the energy source with respect to the land usage and occupancy
Please rate the energy source with respect to total cost
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the uniqueness of the method. Finally, the boxplot shows that 
the proposed framework is able to discriminate alternative 
CESs with acceptable variations of rank values.

Managerial implications that can be inferred are (i) the 
framework is a ready-to-use model that aids managers to 
make rational and methodical decisions, (ii) subjectivity/
hesitation involved in the modeling is handled effectively 
by the framework, (iii) certain level of training via work-
shops and hands-on must be given to the managers to better 
understand the data and inference from the framework, and 
(iv) finally, in the present work, personal choices are given 
consideration that allows managers to express their choices 
as partial information on each CES.

To further expand research directions in the future, plans 
are made to understand the relationship among the number 
of experts and reliability of results. Furthermore, plans are 
made to incorporate pre-processing methodologies such as 
feature reduction and data cleaning and the integration of 
machine learning methods with decision aiding methods. 
New decision models with stochastic information can be 
developed for handling environmental/sustainable issues. 
Finally, the energy evaluation problems with multiple sub-
criteria and non-preference data can be solved by developing 
new orthopair frameworks.

Appendix A

Abbreviations used in the paper are expanded in a tabular 
form () to add clarity to readers.

Table 7 depicts the symbols used in this paper along with 
the associated semantics.

Table 8 provides a sample questionnaire for clarity to 
readers
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