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Abstract

The need for energy sources in India has increased

abnormally in recent years due to industrial and soci-

etal growth. To meet this demand, it was a necessary

choice of renewable energy sources (RESs) as a solu-

tion to lack of nonrenewable energy sources. Due to

the multiplicity of involved factors, selecting the most

appropriate RESs is a multiattribute decision making

(MADM) problem. There is a large number of work

associated with the development of MADM techniques,

especially under ambiguous and uncertain conditions.

However, the effective embedding of uncertainty and

ambiguity and in decision‐making remains a difficult

challenge, and thus this study introduces a new fra-

mework for solving the problem of selecting the most

suitable RESs which is based on the neutrosophic set

and TODIM (an acronym in Portuguese of interactive

and multicriteria decision‐making) method. It also re-

duces human intervention by being systematically ap-

plied. First, it transforms the linguistic terms presented

into neutrosophic values and implements systematic

techniques to compute missing values in the decision
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matrix using the case‐based technique. Second, it cal-

culates the weight of every linguistic variable as well as

those of the decision‐makers (DMs) and weighted at-

tributes. Furthermore, it creates an aggregated single

valued neutrosophic decision matrix for DMs. Finally,

it calculates the overall dominance‐degree matrix, de-

rives the overall values, and ranks the alternatives. It is

applied to select RESs in Karnataka, India, and the

obtained results show that wind energy is the most

suitable RES for India, with small hydroenergy second

most appropriate.
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1 | INTRODUCTION

During recent decades, Energy production has been a vexing problem of concern to stake-
holders and national governments around the world.1 Conventional energy production systems
like coal, gas, or oil pollute the environment, generate dangerous radiation, and are un-
sustainable.2 Thus, global corporations and national states are intent on attaining sustainable
growth3 based on renewable energy sources (RESs) like wind, solar, biomass, hydraulic, and
hydroelectric,4,5 seeking the environmental and economic benefits associated with it, especially
in the potential of saving energy and reducing radiations of greenhouse gases and pollutants.4,6

As the cost of producing electricity from RESs is cheaper, the potential for gaining sustainable
development is getting more further consideration, particularly as RESs hold promise for re-
ducing the costs of industry.7 Among the various RESs, wind and solar energy have considered
creating new businesses and reducing carbon radiation.8 According to Aman et al.,9 “the whole
global wind and solar energy potential is about 1,700,000 and 6,500,000 GW.” Consequently,
the implications for these energy sources must be analyzed while selecting the best alternative.
The possible impacts of wind and solar energies on the environment are illustrated nicely in
Dhar et al.,10 such as soil erosion, emissions, hazardous waste, vegetation, wildlife, land‐use
footprint, noise, electromagnetic interference, and local climate.

According to literature, choosing an appropriate RES is not easy because this process requires
the attention of a large number of criteria, which are often inconsistent. Different RESs are suited to
particular applications and sites, and each contributes a benefit regarding particular conditions.10 In
this regard, the multiattribute decision making (MADM) has been considered as one of the most
vital techniques utilized in real problems over the last three decades for the assessment of RESs.11

Various decision methods for the assessment and allocation of RESs have been created and tested.
Prior research has defined a number of characteristics and factors that should be considered when
assessing and choosing the best RES. Wu et al.12 introduced a decision framework of wind farm
project plan selection under intuitionistic fuzzy set (IFS) and fuzzy measure environment. Long
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and Geng proposed an effective entropy‐based TOPSIS approach for evaluating the photovoltaic
module in an interval‐valued IFS context.13 But the disadvantages of their method are that the
calculations are complex, require special software, and the cost of decision‐making is high. Zhang
et al.14 developed a tool that incorporated fuzzy and integral steps, applying it to evaluate and select
renewable energy (RE) technologies in China. The study's outcomes revealed that solar photo-
voltaic technology was the best RES. But the relative share of each RES alternative has not been
tested. Studying the combination of various RESs and defining their optimum share in future
energy systems would be valuable to governments when creating a particular plan of energy.
Table 1 presents Nomenclature used in this paper.

1.1 | Motivations

TODIM (an acronym in Portuguese of interactive and multicriteria decision‐making) method,
which considers the risk preferences of decision‐makers, is significant in solving MCDM problems.
Recently, the TODIM method, which considers the risk preferences of DMs, is proposed in solving
MADM problems.15 MADM methods have demonstrated significant outcomes in the evaluation
process in multiple areas including resource assessment and RESs. MADM procedures are also
becoming more prevalent in the RE sector due to consideration of conflicting standards, reliability
and flexibility in decision‐making techniques. To choose the best RE technologies to achieve higher
efficiency. To deal with the uncertainty that happens during the energy policy selection process
utilizing MADM techniques, various concepts have been implemented including the single‐valued
neutrosophic (SVN). SVN is a useful tool for depicting the uncertainty of MADM. This study
introduces a new framework for solving the problem of RES selection which reduces human
intervention by being systematically applied. First, by transforming the linguistic terms presented
into neutrosophic values, it finds systematic approaches for imputing missing values in the decision
matrix using a case‐based technique. Second, it computes the weight of each linguistic variable and
attribute, and then creates an aggregated SVN decision matrix for decision makers (DMs). Finally,
it calculates the overall dominance degree matrix, derives the overall values and ranks the alter-
natives in order.

1.2 | Contributions

This paper proposes a framework for the evaluation and selection of RESs, especially in India.
The main contributions of this paper can be listed in the following points.

• A new framework is proposed based on the neutrosophic set and TODIM method. It deals
with data or information using three membership function (truth, falsity, and indeterminacy)
which provide more accurate data and their descriptions. This leads to more accurate results
and information, and contributes to making the best decision.

• The missing values and weights of DMs and attributes have been computed in a systematic
manner which improves accuracy in the MADM process.

• An aggregate decision matrix for RES selection is formed by considering the interrelation-
ships between the attributes.

• TODIM method is used to prioritize RESs by extending it to the neutrosophic context and
without any potential loss of information.
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1.3 | Paper structure

This paper is structured as follows. In Section 2, an overview of relevant studies is presented.
Section 3, provides the important definitions and concepts related to the neutrosophic set.
In Section 4, a novel framework for decision‐making in the neutrosophic context is presented.
In Section 5, the suggested framework has been implemented in India as a real case study for
the selection RESs which shows its strength and applicability. In Section 5.3, the results of a
comparative study are described. Finally, conclusions and some potential future works are
presented in Section 6.

2 | LITERATURE REVIEW

This section provides literature review related to MADM, TODIM, neutrosophic sets, and
renewable energy.

RE directs the use of abundant natural sources that have little bad influence on the
environment. As a consequence, more nations in the globe are seeking to benefit from
these resources. But because of the plenty of resources and sources,16 choosing the most
appropriate RES is not an easy task because the preference of one system over the other
can be influenced by multiple criteria.17 Therefore, multiple researchers have changed
their thought to energy‐related problems, particularly RESs,18–22 great attention was given
to the set of criteria to be considered when selecting alternative and the preference for one
another.23–25 According to Krishnakumar et al.26 emphasized that between the techniques
of collecting information related to the decision‐making process, discussing problems
with DMs contributes many information and ideas about the problem. Therefore, the
selection and identification of criteria on which RES has based is an essential process in
the process of decision‐making related to choosing the best option.27 So, criteria must be
evaluated by many factors, including the opinions of the group of DMs who are involved
in the process of decision‐making.

MADM approaches have been viewed as an aspect of decision‐making theory28,29 that is most
suitable for choosing the best alternative based on a wide range of criteria. MADM methods have
demonstrated significant outcomes in the evaluation process in various areas including resources
assessment and RESs.28,30,31 MADM procedures are becoming more prevalent in the RE sector due
to consideration of conflicting standards, reliability, and flexibility in decision‐making techniques.
Colak and Kaya30 demonstrated how to choose and assess RES alternatives using an optimized
methodology based on TOPSIS approaches and the analytic hierarchy process (AHP) in interval
type‐two fuzzy sets, with wind power found to be the best. Elzarka et al.32 introduced a metho-
dology for assessing onsite RESs for building services using fuzzy sets. Their findings showed that
this approach was efficient for identifying and selecting RESs. However, they did not assign reliable
weights to DMs and attributes. Using IFSs, Wu et al.33 expanded the ELECTRE‐III method for
testing potential sites to consider a hydroelectricity facility. Gumus et al.34 developed an adaptive
IFS method for determining wind energy resources in the United States utilizing the entropy
metric, measured arithmetic mean operator and TOPSIS method. Kahraman et al.35 assessed
investments in wind energy approaches using an interval‐valued intuitionistic fuzzy. Their findings
revealed that their developed methodology was a versatile and beneficial one for assessing in-
novations in wind energy.
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TABLE 1 Nomenclature

Abbreviation Term

AHP Analytic hierarchy process

ARAS Name of approach

COPRAS Name of technique

DM Decision maker

DEMATEL Decision‐making trial and evaluation laboratory

ELECTRE‐III Name of method

GW Gigawatt

IFSs Intuitionistic fuzzy sets

MADM Multiattribute decision making

PROMETHEE II Name of method

q‐ROFI q‐rung orthopair fuzzy set

RE Renewable energy

RESs Renewable energy sources

SVN Single valued neutrosophic

SVN‐MADM Single valued neutrosophic multiattribute decision making

SWARA Stepwise weight assessment ratio analysis

TODIM an acronym in Portuguese of interactive and multicriteria decision‐making

TOPSIS Technique for order of preference by similarity to ideal solution

VIKOR VIseKriterijumska Optimizacija I Kompromisno Resenje, which means:

Multicriteria optimization and compromise solution

A Neutrosophic set

T x( )A Truth‐membership function

F x( )A Falsity‐membership function

I x( )A Indeterminacy‐membership function

λj The weight average

S A( ) A score function

dmi Decision makers

αt The weight of linguistic terms

ωdmh The weights of the DMs

ωβτ The weights of the attributes

D Decision matrix

ωβ rτ
Relative weight

ϕ p p( , )j i t The dominance degree of alternative

(Continues)
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Wu et al.36 created a model in triangular IFSs domain using PROMETHEE II and AHP
methodologies. It was utilized to categorize and analyze a large‐scale project for rooftop pho-
tovoltaic arrays. Jeong and Ramírez‐Gómez37 analyzed an approach utilizing the Decision‐
Making Trial and Evaluation Laboratory (DEMATEL) and geographic information system
processes for fuzzy sets to select the best site for a biomass factory to function as a RES. Yuan
et al.38 created a novel methodology based on an improved Choquet integral process and
linguistic hesitant fuzzy set. Their model was used to assess and assign ranks to RESs in China.
Of the alternatives, they discovered that biomass energy was the best choice. But the flaws in
their method that they did not consider more essential attributes during the process of decision‐
making, such as duration of the day, season, and geographic region, as well as they, did not
show their results regarding multiple scenarios. Dincer and Yuksel23 used TOPSIS methods and
DEMATEL to choose and evaluate RESs according to particular requirements. However, they
did not consider interval type‐2 fuzzy logic. Mishra et al.39 designed a decision‐making model
utilizing the Jensen exponential divergence measure to evaluate and rank RES options.
Cavallaro et al.40 employed a TOPSIS methodology centered on entropy under IFSs to evaluate
and choose solar power proposals. Aikhuele et al.41 used fuzzy numbers to develop a flexible
decision method with reliability attributes for RES assessments.

Karunathilake et al.42 created a TOPSIS methodology for assessing and selecting the
best permissible RES option. Of the alternatives, they discovered that small hydro and
solar photovoltaic systems were the best choices. Rani et al.43 demonstrated an integrated
methodology based on the Vlsekriterijumska Optimizacija I KOmpromisno Resenje (VI-
KOR) approach in the context of Pythagorean fuzzy sets for evaluating, ranking and
selecting RESs in India, with their research outcomes confirming its efficiency. The main
issue in their research that it is not suitable for group decision support systems due to the
expanding complexity of social and economic conditions, it is less likely that a single DM
will consider all aspects of the problem. Rani et al.44 introduced an integrated model using
a combination of the Stepwise Weight Assessment Ratio Analysis (SWARA) and VIKOR
methodologies for evaluating and selecting the best solar panel in the context of Pytha-
gorean fuzzy sets. However, they did not test their approach in different selection pro-
blems, such as suitable plants locations, and others. Wang et al.45 introduced a novel
framework based on a Strengths, Weaknesses, Opportunities and Threats (SWOT) ana-
lysis and fuzzy AHP techniques for evaluating and selecting RESs in Pakistan. The re-
search outcomes showed that financial and socio‐political indicators were important in
assessing RESs. But the flaw in their method that there are only five experts consulted to
provide their feedback. Thus, the inclusion of more experts will provide vital results.
Ghenai et al.46 utilized ARAS and SWARA approaches to introduce a new framework for
choosing and evaluating RESs, discovering that, of the alternatives, land‐based wind

TABLE 1 (Continued)

Abbreviation Term

δ p p( , )i t The overall dominance degree of pi over each pt

δ A( )i The overall value of each pi

pi Alternatives (renewable energy sources)

βτ Attributes
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energy was the most suitable choice. Rani et al.47 developed a new model that uses a fuzzy
divergence measure and TOPSIS technique for assessing and choosing RESs in a fuzzy
environment. Their research revealed that their proposed approach was suitable for as-
sessing RE substitutes. Wang and Yang48 suggested a multidimensional nonlinear fra-
mework to analyze the sustainable development factors of RESs in 27 member countries
of the EU.

Incomplete information or ambiguity in DMs' opinions about a problem may complicate the
decision‐making process.49 Due to the lack of handling with insufficient knowledge, Neu-
trosophic sets (NSs) have been proposed.50 NSs were extended a year later to SVN to facilitate
their use in current engineering and scientific fields.51 Based on the SVN simplicity, NSs have
been adapted to other scientific concepts such as distance, score functions, similarity measures,
correlation studies, and aggregation operators. Peng et al.52 indicated that some of the SVN
operations identified by Ye53 might also be nonsensical and they introduced new aggregation
operators and operations and implemented them in the problems of similarity‐measures. Peng
et al.54 also proposed the multivalued NSs and defined two aggregation operators for the
multivalued NSs. Liu and Wang55 proposed a normalized weighted Bonferroni mean ag-
gregation operator of SVN. Majumdar and Samanta56 proposed the concepts of distance and
different measures of similarity among two SVNs and SVN entropy.

Krishankumar et al.57 proposed an integrated framework based on VIKOR and interval‐
valued probabilistic linguistic standard variation methodologies. The research outcomes
showed that wind power was the most suitable RES. However, they did not consider the
missing data. Fossile et al.58 formulated a software technique for selecting RESs for docks in
Brazil. According to their findings, solar energy appeared to be the most viable alternative for
ports. The main limitation in their work is that the evaluation of only three RESs. The in-
vestigation of other RESs and the three covered in this study bring more vital information for
the decision‐making process. Mishra et al.59 presented a consolidated framework for measuring
bioenergy manufacturing operations based on SWARA and complex proportional assessment
(COPRAS) techniques. Siksnelyte‐Butkiene et al.60 conducted a comprehensive analysis to
identify the value of MADM methods for selecting their preferences for RESs.

Based on the above overview of the literature, there are potential problems that may be
encountered during RES preference selection. These problems are listed below.

1. Missing values are common due to the underlying confusion in the assessment process.
Previous research found that these values were either apportioned at random or neglected
which resulted in inconsistencies in RES assessments.

2. The weights of attributes for the selection of RES are not determined systematically.
3. The confusion levels exhibited by the DMs are not considered when the attributes' weights

are computed. Kao61 presented multiple techniques for assessing the weights of attributes
and concluded that systematic weight calculations decreased the number of inconsistencies
in a MADM procedure.

4. DMs' weights, which represent their potential impact on the decision‐making method adopted,
are not tabulated in a structured manner which results in inconsistencies during assessments.
Koksalmis and Kabak62 presented multiple weight measurement techniques for DMs and dis-
covered that systematic calculations reduced the number of inconsistencies in decision‐making.

5. The preference information for RESs is collected without taking into account the inter-
relationships between the attributes. Since, in a RES selection, attributes frequently dispute
and start competing with one another, trying to capture their interrelationships is critical.
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6. RESs must be prioritized logically to avoid information loss.

The proposed framework presented solutions to all previous problems by systemically
computing missing values and weights of attributes and DMs utilizing a case‐based technique.
The interrelationships among the attributes is considered in the formulation of an aggregate
decision matrix for RES selection. TODIM method is used to prioritize RESs by extending it to
the neutrosophic context and without any potential loss of information.

3 | BACKGROUND

This section provides the essential background to, and basic concepts of, the preliminaries
related to a neutrosophic set.63–65

Definition 1 (Abdel‐Basset et al.66). Let X be a space of points (objects) and x X . A
neutrosophic set A( ) in X is defined by the truth‐, falsity‐, and indeterminacy‐
membership functions T x F x( ), ( )A A , and I x( )A , respectively.

T x F x( ), ( )A A , and I x( )A , are real standard or real nonstandard subsets of ]0 , 1 [− + that
is,  T x X F x X( ) : ]0 , 1 [, ( ) : ]0 , 1 [A A

− + − + and I x X( ) : ]0 , 1 [A
− + . As there is

not restriction on the sum of T x F x( ), ( )A A and   I x T x F x( ), 0 sup ( ) sup ( )A A A
−

I xsup ( ) 3A
+.

Definition 2 (Abdel‐Basset et al.67). Let X be a universe of discourse. A SVN set A( ) over
X is an object with the form

 A x T F I x X= { , , , : },A A A (1)

where   T F I[0, 1], [0, 1] and [0, 1]A A A , with  T x F x I x0 ( ) + ( ) + ( ) 3A A A for
all x X . The intervals T x F x( ), ( )A A , and I x( )A denote the truth‐, falsity‐, and
indeterminacy‐membership degrees of x to A, respectively.

Definition 3 (Şahin and Yiğider68). Let A T x F x I x= ( ( ), ( ), ( ))A A A be a SVN number and
λ ℜ an arbitrary positive real number and then

λA T x F x I x λ= (1 − (1 − ( )) , ( ) , ( ) ), > 0A
λ

A
λ

A
λ (2)

after defining the weighted aggregation operators related to SVN given in the study in
Şahin and Yiğider.68

Definition 4 (Şahin and Yiğider68). Let A A A A{ , , , …, }n1 2 3 be the set of n (SVN)
numbers, where A T F I i n= ( , , ) = 1, 2, 3, …,i i i i . The SVN weighted average operator on
them is defined by

   





λ A T F I= 1 − (1 − ) , ( ) , ( )

j

n

j j

j

n

j
λ

j

n

j
λ

j

n

j
λ

=1 =1 =1 =1

j j j (3)
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where λj is the weight of A j n λ( = 1, 2, …, ), [0, 1]j j and  λ = 1j
n

j=1 .

Definition 5 (Şahin and Yiğider68). Let A T x F x I x= ( ( ), ( ), ( ))A A A be a SVN number and
then a score function S A( ) is defined as follows:

S A
T x F x I x

S A( ) =
2 + ( ) − ( ) − ( )

3
, ( ) [0, 1]A A A

(4)

Definition 6 (Abdel‐Basset et al.66). Let A T x F x I x= ( ( ), ( ), ( ))A A A and B T x F x= ( ( ), ( ),B B

I x( ))B be two SVN, where

(1) If S A S B( ) < ( ) , then A B< or.
(2) If S A S B( ) = ( ) , then A B= .
Definition 7 (Xu et al.15). Let A and B be two SVNs and then the normalized Hamming
distance between them is computed by

     d A B T T F F I I( , ) =
1

3
( − + − + − )A B A B A B (5)

Definition 8 (Şahin and Yiğider68). Let A x y z= ( , , )1 1 1 and B x y z= ( , , )2 2 2 be two SVN
numbers, then summation between A and B computed as follows:

A B x x x x y y z z= ( + − , , )1 2 1 2 1 2 1 2 (6)

Definition 9 (Şahin and Yiğide68). Let A x y z= ( , , )1 1 1 and B x y z= ( , , )2 2 2 be two SVN
numbers, then multiplication between A and B computed as follows:

A B x x y y y y z z z z= ( , + − , + − )1 2 1 2 1 2 1 2 1 2 (7)

4 | PROPOSED FRAMEWORK

This section proposes a framework for evaluating and selecting the best available alternatives
from RESs under uncertain conditions in India. In Section 4.1, the values for the missing cells
in the decision matrices presented by the DMs are imputed and, in Section 4.2 the weights of
the DMs and attributes identified. In Section 4.3, an aggregated SVN decision matrix with
respect to the DMs is created and, in Section 4.4, the TODIM method for SVN‐MADM problems
is described. Finally, in Section 4.5, the algorithm and flowchart of the proposed framework are
presented.

4.1 | Computing missing values

In this section, the techniques used to compute the missing values are explained with some
given examples. The aim of this segment is to compute the missing values in the decision
matrices created through the DMs. Prior studies have used either binning techniques or
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random fills that decrease the decision‐making accuracy. Also, various missing values that
cannot be filled using existing methods are identified, with a case‐based technique that can
rationally compute missing values for various scenarios adopted.

For example, assume we have three alternatives (p p p, ,1 2 3 ) and three DMs (dm dm dm, ,1 2 3 )
and four attribute.

Case 1: if there is a missing instance in one of the decision matrices created through the
DMs as in Table 2 (attribute p1, 1 ), it can be found by

  





R T F I= 1 − (1 − ) , ( ) , ( )missing value

h

k

ij
λ

h

k

ij
λ

h

k

ij
λ

=1 =1 =1

h h h (8)

where k denotes the DMs' number with the value of a given instance and
λ h k= , ( = 1, 2, …, )h k

1 the unbiased weight vector.

Case 2: Of all the decision‐matrices, if a particular value i j( , ) is missed as in Table 3
(attribute 4, p3 ), it can be imputed by

  





R T F I= 1 − (1 − ) , ( ) , ( )missing value

i

m

ij
λ

i

m

ij
λ

i

m

ij
λ

=1 =1 =1

i i i (9)

where m represents the number of alternatives and λ i m= , ( = 1, 2, …, )i m

1 the unbiased

weight vector.

Case 3: Of all decision matrices, only one matrix has the i j( , ) position as in Table 4
(attribute 2, p1 ). To set the missing values, the value in the i j( , ) position is iterated.

TABLE 2 The evaluation of alternatives according to attribute(1)

Alternative dm1 dm2 dm3

p1 (0.49, 0.76, 0.80) (0.49, 0.76, 0.80) XXX

p2 (0.75, 0.60, 0.82) (0.80, 0.65, 0.86) (0.90, 0.60, 0.92)

p3 (0.49, 0.76, 0.80) (0.47, 0.81, 0.83) (0.51, 0.82, 0.85)

TABLE 3 The evaluation of alternatives according to attribute(2)

Alternative dm1 dm2 dm3

p1 (0.49, 0.76, 0.80) XXX XXX

p2 (0.49, 0.76, 0.80) (0.80, 0.65, 0.86) (0.90, 0.60, 0.92)

p3 (0.49, 0.76, 0.80) (0.47, 0.81, 0.83) (0.51, 0.82, 0.85)
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Case 4: if all the decision matrices have a specific row missing as in Table 5 (attribute 3), to
calculate these values, their types of attributes are determined as either benefit or cost. Then,
the averages of the attributes of the same type are taken.

4.2 | Specifying weights of DMs and attributes

The linguistic terms of the variables are used to calculate the weights of the DMs and attributes.
Assuming that there are ℓ linguistic terms of criteria and A T F I= ( , , )t t t t is a SVN number
expressing the t linguistic term, firstly, the weight of this term α( )t is calculated by.68


( )
( )

α
T I

T I
=

+

+
t

t t
T

T F

t t t
T

T F

+

=1
ℓ

+

t

t t

t

t t

(10)

 α α0, = 1t t t=1
ℓ . Then, αt and Equations (11) and (12) are used to compute the weights of the

DMs ( )ωdmh
and attributes ω( )βτ .


 ω

α

α
=dm

τ
n

τ h

h
k

τ
n

τ h

=1 ×

=1 =1 ×
h (11)


 ω

α

α
=β

h
k

τ h

τ
n

h
k

τ h

=1 ×

=1 =1 ×
τ (12)

4.3 | Creating aggregated SVN decision matrix with respect to DMs

It is assumed that there is a set of alternatives A p p p i m= { , , …, }, ( = 1, 2, …, )m1 2 and a set of
attributes G β β β τ n= { , , …, }, ( = 1, 2, …, )τ1 2 and k of DMs.

TABLE 5 The evaluation of alternatives according to attribute(4)

Alternative dm1 dm2 dm3

p1 (0.01, 0.98, 0.98) (0.60, 0.90, 0.92) (0.60, 0.90, 0.92)

p2 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.70, 0.80, 0.88)

p3 XXX XXX XXX

TABLE 4 The evaluation of alternatives according to attribute(3)

Alternative dm1 dm2 dm3

p1 XXX XXX XXX

p2 XXX XXX XXX

p3 XXX XXX XXX

AZZAM ET AL. | 11



In this step, an aggregate SVN decision matrix of DMs D( ) is created by grouping the
individual decisions as:68

D ω D=
dm

k

dm
dm

=1h

h
h (13)

where, D d T F I= = ( , , )dm
ij ij ij ij

h and

  





( ) ( ) ( )d T F I= 1 − 1 − , ,ij

dm

k

ij
dm ω

dm

k

ij
dm ω

dm

k

ij
dm ω

=1 =1 =1h

h
dmh

h

h
dmh

h

h
dmh

(14)

Aggregated SVN decision matrix can be defined as

⋯
⋯

⋮ ⋮ ⋱ ⋮
⋯












D

p p p
p p p

p p p
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where p dm k β n( , = 1, 2, …, ; = 1, 2, …, )ij h τ indicates a SVN value.

4.4 | TODIM method for SVN MADM problem

First, the relative weight of every attribute βτ is calculated by

ω
ω

ω
=β r

β
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τ

τ

(16)

where ωβτ denotes an attribute's weight β ω max ω τ n, = { = 1, 2, …, }τ max βτ and  ω0 1β rτ
.69

Then, dominance values of the alternatives are established. The dominance degree of al-
ternative p i m, ( = 1, 2, …, )i over every alternative p t, ( = 1, 2, …, ℓ)t with respect to the at-
tribute B τ n, ( = 1, 2, …, )τ is computed by
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(17)

     d r r T T F F I I( , ) =
1

3
( − + − + − )ij tj ij tj ij tj ij tj (18)
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where θ represents the attenuation factor of the losses and d r r( , )ij tj the distances between the
SVN numbers rij and rtj . If r r ϕ p p> , ( , )ij tj j i t represents a gain and, if r r>ij tj , a loss. The

dominance degree matrix ϕ ϕ p p= [ ( , )]j j i t m m× under attribute βτ is15
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The overall dominance degree of δ p p( , )i t of the pi over each pt is computed using Eq (20)
as follow:

The overall dominance degree of pi over each p δ p p( , )t i t is computed by

δ p p ϕ p p i t m( , ) = ( , ), ( , = 1, …, )i t
j

n

j i t
=1

(20)

Therefore, the overall dominance degree matrix δ δ p p= [ ( , )]i t m m× is
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Then, the overall value of each pi is computed by15
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(22)

The alternative with the highest value of δ A( )i is best one

4.5 | Algorithm and flowchart of proposed framework

Figure 1 depicts the flowchart of the framework for implementing the rational selection of
RESs. First, the DMs have their linguistic requirements for every RES depending on their
attributes. The neutrosophic set is used to incorporate logical decision‐making to minimize
subjective randomness. Due to the possibility that certain values are missing, a standardized
approach is used to determine them. Then, the weights of each linguistic value (DM) and
attribute are continuously calculated by identifying hesitation and using the partial information
given by the selection committee. The interconnections among the attributes is used to accu-
mulate the DM's preferences. In this paradigm, unlike previous approaches, the DMs' weights
are determined logically and used for aggregation. Finally, settings of the RES priorities are
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achieved by expanding the TODIM approach and using the collated matrix and weight vector of
the attributes. Two assessments are undertaken to help explain the framework's positive and
negative characteristics: one contrasts the framework to those of current approaches; and the
other is a sensitivity analysis of different methods. The pseudo‐code of the proposed framework
is shown in Algorithm 1.

FIGURE 1 Flowchart of proposed framework [Color figure can be viewed at wileyonlinelibrary.com]
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Algorithm 1 Pseudo‐code of proposed framework

1: Transform the linguistic terms presented by the dmh into neutrosophic values

2: Compute the missing values in a decision matrix using a case‐based technique

3: Compute the weights of every linguistic variable using Equation (10)

4: Evaluate the weights of the DMs using Equation (11)

5: Evaluate the weights of the attributes using Equation (12)

6: Create an aggregated SVN decision matrix with respect to the DMs

7: Compute the relative weight of each attribute using Equation (16)

8: Compute the dominance degree of pi over every alternative p ϕ p p( , )t j i t under attribute Bj using
Equation (17)

9: Compute the overall dominance degree matrix δ δ p p= [ ( , )]i t m m× using Equation (21)

10: Compute the overall value of each p δ A i m( )( = 1, …, )i i using Equation (22)

11: Sort the alternatives in descending order according to their overall values δ A( )i

5 | CASE STUDY IN KARNATAKA: PRIORITIZATION
INVOLVING RANKING OF RESS70

This part discusses the utility of the suggested model by considering a real‐life scenario of RESs
for meeting the energy requirements in Karnataka, India.70

5.1 | Introduction to RESs in karnataka

In this study, “KARNATAKA” has been used as a case study, as the data related to it has been
used by many researchers in their studies. Its a well‐known and most common data set used by
many researchers in the literature.70,71 That means, it is validated and tested data set. That is
why we used it to test and validate our proposed methodology. Also, Karnataka is India's
seventh largest state, covering 191,791 km2 and bordering the Laccadive Sea and Arabian Sea
on the west. It has a total installed capacity of 15.23 GW, with small hydropower plants
accounting for 1.28 GW, biomass energy for 1.882 GW, wind energy for 4.78 GW and solar
energy for 7.27 GW. For the last 3 years, Karnataka has been the leading RE producer, with the
main causes its appropriate policies and timely delivery processes. The task of persuading farm
workers to sub‐let their land for the generation of wind and solar energy is also vital for the
Karnataka government. Furthermore, its biomass generation is increasing at a faster rate than
those of other Indian states.

5.1.1 | Solar energy

In Karnataka, there are high‐density solar panels which generate between 2000 and
2500 KWh of solar energy per square meter. The Shakti Shala power station in Pavagada
produced 2000 MW of solar power in 2018. During this time, approximately 1,65,000 million
Indian rupees was invested in solar parks to provide power to nearly 700,000 families.
Karnataka solar power development corporation limited reached an agreement with
KREDL, which encourages the use of RESs, that permits large businesses to connect to solar
grids for energy.72
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5.1.2 | Wind energy

Karnataka has a total installed wind power capacity of 4790.60MW, with wind speed an important
component of wind energy production. Ramachandra and Shruthi73 observed that, for viable power
generation, wind speeds must be higher than 5.4m/s. The Tuppadahalli onshore plant, with its rotors'
diameters 82m and heights 78m, has the capacity to generate 140 GWh per year.72

5.1.3 | Small hydroenergy

Karnataka is privileged to possess favorable conditions for hydroelectric power and contributes
6% of the country's water resources. Of 938 plants in India, there are 132 in Karnataka with an
overall capacity of 1230.73MW.74

5.1.4 | Biomass energy

Plants and animals, as well as waste from agro‐industries, are primary contributors to the
generation of biomass power.75 Karnataka's wood and paper manufacturing companies obtain
fuel through combustion processes. To meet the power requirements of the Tumkur district,
the Biomass Energy for Rural India company used a gasification‐based power manufacturing
facility. The goal was to set up two plants, each with a total capacity of 240 KW, with the main
objective to reduce greenhouse gas emissions (GHG).76

5.1.5 | Tidal energy

Although, in Karnataka, which has a 320‐km shoreline, power from waves can be efficiently
created77 and there is a possibility of obtaining 0.2MW/m2, public policies limit exploration
opportunities.78

5.2 | Case study of selection of RESs in karnataka

In this section, the proposed framework is implemented in an actual scenario to choose among
a group of RESs pi in Karnataka, India. The process of systematically selecting multiple RESs is
vital for India to meet the needs of customers and economic expansion.

The linguistic terms used by three DMs dmh to express their preferences are converted to
neutrosophic values, as shown in Table 6. Let dm h( , = 1, 2, 3)h be considered a set of DMs
appointed to evaluate five RESs p i( , = 1, 2, 3, 4, 5)i , that is, tidal, biomass, solar, wind energies
as well as small hydro energy. They are evaluated over β τ( , = 1, 2, …, 12)τ attributes (water
pollution, land disruption, air pollutant emissions, need for waste disposal, sustainable energy,
land requirement, economic risk, security, cost, feasibility, durability and adaptability to energy
policy) shown in Table 7.

Evaluations of alternatives conducted by the DMs according to each attribute using lin-
guistic variables and ratings to state their suitability under the subjective attribute are presented
in Tables 8–19.
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Next, the procedure of the pseudo‐code of the proposed framework in Algorithm 1 is
applied as follows.

Step 1: the linguistic term presented by each dm h, = 1, 2, 3h is transformed into a neu-
trosophic value, as shown in Table 6.

Step 2: the missing values in Tables 8–19 are computed based on the cases presented in
Section 4.1 with the entries denoted as “XXX”. Using Case 2, entry (β p,2 1 ) of dm1 is imputed as
(0.53, 0.89, 0.92), (β p,2 1 ) of dm2 as (0.53, 0.89, 0.92) and (β p,2 1 ) of dm3 as (0.37, 0.91, 0.94).
Using Case 4, entry (β p,4 2 ) of dm2 is imputed as (0.49, 0.76, 0.8) and (β p,4 2 of dm3 as (0.49,
0.76, 0.8) while (β p,5 2 ) of dm1 is imputed as (0.37, 0.93, 0.95) using Case 1. These results are
shown in Tables 20–31.

TABLE 6 Importance of weights as linguistic variables

Linguistic term SVN

Absolutely high AH (0.98, 0.01, 0.98)

Very high VH (0.90, 0.60, 0.92)

High H (0.80, 0.65, 0.86)

Medium–high MH (0.75, 0.60, 0.82)

Average AV (0.50, 0.50, 0.62)

Medium–low ML (0.60, 0.70, 0.79)

Low L (0.70, 0.80, 0.88)

Very low VL (0.60, 0.90, 0.92)

Absolutely low AL (0.01, 0.98, 0.98)

TABLE 7 DMs' preferences for calculating attributes' weights

Attribute dm1 dm2 dm3

β1 VH (0.90, 0.60, 0.92) H (0.80, 0.65, 0.86) AV (0.50, 0.50, 0.62)

β2 H (0.80, 0.65, 0.86) MH (0.75, 0.60, 0.82) AV (0.50, 0.50, 0.62)

β3 MH (0.75, 0.60, 0.82) H (0.80, 0.65, 0.86) ML (0.60, 0.70, 0.79)

β4 H (0.80, 0.65, 0.86) AV (0.50, 0.50, 0.62) AV (0.50, 0.50, 0.62)

β5 VH (0.90, 0.60, 0.92) MH (0.75, 0.60, 0.82) AV (0.50, 0.50, 0.62)

β6 ML (0.60, 0.70, 0.79) L (0.70, 0.80, 0.88) AV (0.50, 0.50, 0.62)

β7 H (0.80, 0.65, 0.86) VH (0.90, 0.60, 0.92) ML (0.60, 0.70, 0.79)

β8 AV (0.50, 0.50, 0.62) ML (0.60, 0.70, 0.79) ML (0.60, 0.70, 0.79)

β9 ML (0.60, 0.70, 0.79) L (0.70, 0.80, 0.88) L (0.70, 0.80, 0.88)

β10 L (0.70, 0.80, 0.88) ML (0.60, 0.70, 0.79) ML (0.60, 0.70, 0.79)

β11 ML (0.60, 0.70, 0.79) VH (0.90, 0.60, 0.92) L (0.70, 0.80, 0.88)

β12 L (0.70, 0.80, 0.87) VH (0.90, 0.60, 0.92) VL (0.60, 0.90, 0.92)
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TABLE 8 Evaluation of RESs according to attribute β1 (air pollutant emissions)

Alternative dm1 dm2 dm3

p1 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.01, 0.98, 0.98)

p2 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p3 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.60, 0.90, 0.92)

p4 (0.70, 0.80, 0.88) (0.70, 0.80, 0.88) (0.60, 0.90, 0.92)

p5 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.60, 0.90, 0.92)

TABLE 9 Evaluation of RESs according to attribute β2 (need for waste disposal)

Alternative dm1 dm2 dm3

p1 XXX XXX XXX

p2 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.01, 0.98, 0.98)

p3 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p4 (0.70, 0.80, 0.88) (0.70, 0.80, 0.88) (0.60, 0.90, 0.92)

p5 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.01, 0.98, 0.98)

TABLE 10 Evaluation of RESs according to attribute β3 (water pollution)

Alternative dm1 dm2 dm3

p1 (0.01, 0.98, 0.98) (0.60, 0.90, 0.92) (0.60, 0.90, 0.92)

p2 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.70, 0.80, 0.88)

p3 (0.60, 0.90, 0.92) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p4 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.60, 0.90, 0.92)

p5 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

TABLE 11 Evaluation of RESs according to attribute β4 (land disruption)

Alternative dm1 dm2 dm3

p1 (0.49, 0.76, 0.80) (0.47, 0.81, 0.83) (0.51, 0.82, 0.85)

p2 (0.49, 0.76, 0.80) XXX XXX

p3 (0.49, 0.76, 0.80) (0.47, 0.81, 0.83) (0.51, 0.82, 0.85)

p4 (0.49, 0.76, 0.80) (0.47, 0.81, 0.83) (0.51, 0.82, 0.85)

p5 (0.49, 0.76, 0.80) (0.47, 0.81, 0.83) (0.51, 0.82, 0.85)

18 | AZZAM ET AL.



TABLE 12 Evaluation of RESs according to attribute β5 (land requirement)

Alternative dm1 dm2 dm3

p1 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.01, 0.98, 0.98)

p2 XXX (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p3 (0.60, 0.90, 0.92) (0.01, 0.98, 0.98) (0.01, 0.98, 0.98)

p4 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.70, 0.80, 0.88)

p5 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.60, 0.90, 0.92)

TABLE 13 Evaluation of RESs according to attribute β6 (economic risk)

Alternative dm1 dm2 dm3

p1 (0.75, 0.60, 0.82) (0.80, 0.65, 0.86) (0.75, 0.60, 0.82)

p2 (0.98, 0.01, 0.98) (0.90, 0.60, 0.92) (0.90, 0.60, 0.92)

p3 (0.80, 0.65, 0.86) (0.90, 0.60, 0.92) (0.90, 0.60, 0.92)

p4 (0.80, 0.65, 0.86) (0.75, 0.60, 0.82) (0.80, 0.65, 0.86)

p5 (0.75, 0.60, 0.82) (0.75, 0.60, 0.82) (0.80, 0.65, 0.86)

TABLE 14 Evaluation of RESs according to attribute β7 (security)

Alternative dm1 dm2 dm3

p1 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.01, 0.98, 0.98)

p2 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p3 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p4 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.70, 0.80, 0.88)

p5 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.70, 0.80, 0.88)

TABLE 15 Evaluation of RESs according to attribute β8 (sustainable energy)

Alternative dm1 dm2 dm3

p1 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.01, 0.98, 0.98)

p2 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.70, 0.80, 0.88)

p3 (0.01, 0.98, 0.98) (0.60, 0.90, 0.92) (0.60, 0.70, 0.79)

p4 (0.70, 0.80, 0.88) (0.60, 0.90, 0.92) (0.60, 0.90, 0.92)

p5 (0.60, 0.70, 0.79) (0.70, 0.80, 0.88) (0.60, 0.90, 0.92)
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TABLE 16 Evaluation of RESs according to attribute β9 (durability)

Alternative dm1 dm2 dm3

p1 (0.50, 0.50, 0.62) (0.50, 0.50, 0.62) (0.50, 0.50, 0.62)

p2 (0.80, 0.65, 0.86) (0.80, 0.65, 0.86) (0.90, 0.60, 0.92)

p3 (0.75, 0.60, 0.82) (0.75, 0.60, 0.82) (0.80, 0.65, 0.86)

p4 (0.75, 0.60, 0.82) (0.80, 0.65, 0.86) (0.75, 0.60, 0.82)

p5 (0.60, 0.70, 0.79) (0.50, 0.50, 0.62) (0.50, 0.50, 0.62)

TABLE 17 Evaluation of RESs according to attribute β 01 (adaptability to energy policy)

Alternative dm1 dm2 dm3

p1 (0.50, 0.50, 0.62) (0.60, 0.70, 0.79) (0.50, 0.50, 0.62)

p2 (0.75, 0.60, 0.82) (0.90, 0.60, 0.92) (0.90, 0.60, 0.92)

p3 (0.80, 0.65, 0.86) (0.75, 0.60, 0.82) (0.80, 0.65, 0.86)

p4 (0.60, 0.70, 0.79) (0.50, 0.50, 0.62) (0.6, 0.70, 0.79)

p5 (0.50, 0.50, 0.62) (0.60, 0.70, 0.79) (0.50, 0.50, 0.62)

TABLE 18 Evaluation of RESs according to attribute β11 (cost)

Alternative dm1 dm2 dm3

p1 (0.75, 0.60, 0.82) (0.50, 0.50, 0.62) (0.75, 0.60, 0.82)

p2 (0.75, 0.60, 0.82) (0.80, 0.65, 0.86) (0.90, 0.60, 0.92)

p3 (0.75, 0.60, 0.82) (0.75, 0.60, 0.82) (0.90, 0.60, 0.92)

p4 (0.80, 0.65, 0.86) (0.80, 0.65, 0.86) (0.50, 0.50, 0.62)

p5 (0.75, 0.60, 0.82) (0.75, 0.60, 0.82) (0.50, 0.50, 0.62)

TABLE 19 Evaluation of RESs according to attribute β12 (feasibility)

Alternative dm1 dm2 dm3

p1 (0.50, 0.50, 0.62) (0.75, 0.60, 0.82) (0.60, 0.70, 0.79)

p2 (0.80, 0.65, 0.86) (0.75, 0.60, 0.82) (0.75, 0.60, 0.82)

p3 (0.75, 0.60, 0.82) (0.90, 0.60, 0.92) (0.50, 0.50, 0.62)

p4 (0.75, 0.60, 0.82) (0.75, 0.60, 0.82) (0.50, 0.50, 0.62)

p5 (0.50, 0.50, 0.62) (0.75, 0.60, 0.82) (0.50, 0.50, 0.62)
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TABLE 20 Evaluation of RESs according to attribute β1 (air pollutant emissions)

Alternative dm1 dm2 dm3

p1 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.01, 0.98, 0.98)

p2 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p3 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.60, 0.90, 0.92)

p4 (0.70, 0.80, 0.88) (0.70, 0.80, 0.88) (0.60, 0.90, 0.92)

p5 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.60, 0.90, 0.92)

TABLE 21 Evaluation of RESs according to attribute β2 (need for waste disposal)

Alternative dm1 dm2 dm3

p1 (0.53, 0.89, 0.92) (0.53, 0.89, 0.92) (0.37, 0.91, 0.94)

p2 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.01, 0.98, 0.98)

p3 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p4 (0.70, 0.80, 0.88) (0.70, 0.80, 0.88) (0.60, 0.90, 0.92)

p5 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.01, 0.98, 0.98)

TABLE 22 Evaluation of RESs according to attribute β3 (water pollution)

Alternative dm1 dm2 dm3

p1 (0.01, 0.98, 0.98) (0.60, 0.90, 0.92) (0.60, 0.90, 0.92)

p2 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.70, 0.80, 0.88)

p3 (0.60, 0.90, 0.92) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p4 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.60, 0.90, 0.92)

p5 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

TABLE 23 Evaluation of RESs according to attribute β4 (land disruption)

Alternative dm1 dm2 dm3

p1 (0.49, 0.76, 0.80) (0.47, 0.81, 0.83) (0.51, 0.82, 0.85)

p2 (0.49, 0.76, 0.80) (0.49, 0.76, 0.80) (0.49, 0.76, 0.80)

p3 (0.49, 0.76, 0.80) (0.47, 0.81, 0.83) (0.51, 0.82, 0.85)

p4 (0.49, 0.76, 0.80) (0.47, 0.81, 0.83) (0.51, 0.82, 0.85)

p5 (0.49, 0.76, 0.80) (0.47, 0.81, 0.83) (0.51, 0.82, 0.85)
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TABLE 24 Evaluation of RESs according to attribute β5 (land requirement)

Alternative dm1 dm2 dm3

p1 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.01, 0.98, 0.98)

p2 (0.37, 0.93, 0.95) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p3 (0.60, 0.90, 0.92) (0.01, 0.98, 0.98) (0.01, 0.98, 0.98)

p4 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.70, 0.80, 0.88)

p5 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.60, 0.90, 0.92)

TABLE 25 Evaluation of RESs according to attribute β6 (economic risk)

Alternative dm1 dm2 dm3

p1 (0.75, 0.60, 0.82) (0.80, 0.65, 0.86) (0.75, 0.60, 0.82)

p2 (0.98, 0.01, 0.98) (0.90, 0.60, 0.92) (0.90, 0.60, 0.92)

p3 (0.80, 0.65, 0.86) (0.90, 0.60, 0.92) (0.90, 0.60, 0.92)

p4 (0.80, 0.65, 0.86) (0.75, 0.60, 0.82) (0.80, 0.65, 0.86)

p5 (0.75, 0.60, 0.82) (0.75, 0.60, 0.82) (0.80, 0.65, 0.86)

TABLE 26 Evaluation of RESs according to attribute β7 (security)

Alternative dm1 dm2 dm3

p1 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.01, 0.98, 0.98)

p2 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p3 (0.01, 0.98, 0.98) (0.01, 0.98, 0.98) (0.60, 0.90, 0.92)

p4 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.70, 0.80, 0.88)

p5 (0.60, 0.90, 0.92) (0.60, 0.90, 0.92) (0.70, 0.80, 0.88)

TABLE 27 Evaluation of RESs according to attribute β8 (sustainable energy)

Alternative dm1 dm2 dm3

p1 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.01, 0.98, 0.98)

p2 (0.60, 0.90, 0.92) (0.70, 0.80, 0.88) (0.70, 0.80, 0.88)

p3 (0.01, 0.98, 0.98) (0.60, 0.90, 0.92) (0.60, 0.70, 0.79)

p4 (0.70, 0.80, 0.88) (0.60, 0.90, 0.92) (0.60, 0.90, 0.92)

p5 (0.60, 0.70, 0.79) (0.70, 0.80, 0.88) (0.60, 0.90, 0.92)
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TABLE 28 Evaluation of RESs according to attribute β9 (durability)

Alternative dm1 dm2 dm3

p1 (0.50, 0.50, 0.62) (0.50, 0.50, 0.62) (0.50, 0.50, 0.62)

p2 (0.80, 0.65, 0.86) (0.80, 0.65, 0.86) (0.90, 0.60, 0.92)

p3 (0.75, 0.60, 0.82) (0.75, 0.60, 0.82) (0.80, 0.65, 0.86)

p4 (0.75, 0.60, 0.82) (0.80, 0.65, 0.86) (0.75, 0.60, 0.82)

p5 (0.60, 0.70, 0.79) (0.50, 0.50, 0.62) (0.50, 0.50, 0.62)

TABLE 29 Evaluation of RESs according to attribute β10 (adaptability to energy policy)

Alternative dm1 dm2 dm3

p1 (0.50, 0.50, 0.62) (0.60, 0.70, 0.79) (0.50, 0.50, 0.62)

p2 (0.75, 0.60, 0.82) (0.90, 0.60, 0.92) (0.90, 0.60, 0.92)

p3 (0.80, 0.65, 0.86) (0.75, 0.60, 0.82) (0.80, 0.65, 0.86)

p4 (0.60, 0.70, 0.79) (0.50, 0.50, 0.62) (0.6, 0.70, 0.79)

p5 (0.50, 0.50, 0.62) (0.60, 0.70, 0.79) (0.50, 0.50, 0.62)

TABLE 30 Evaluation of RESs according to attribute β11 (cost)

Alternative dm1 dm2 dm3

p1 (0.75, 0.60, 0.82) (0.50, 0.50, 0.62) (0.75, 0.60, 0.82)

p2 (0.75, 0.60, 0.82) (0.80, 0.65, 0.86) (0.90, 0.60, 0.92)

p3 (0.75, 0.60, 0.82) (0.75, 0.60, 0.82) (0.90, 0.60, 0.92)

p4 (0.80, 0.65, 0.86) (0.80, 0.65, 0.86) (0.50, 0.50, 0.62)

p5 (0.75, 0.60, 0.82) (0.75, 0.60, 0.82) (0.50, 0.50, 0.62)

TABLE 31 Evaluation of RESs according to attribute β12 (feasibility)

Alternative dm1 dm2 dm3

p1 (0.50, 0.50, 0.62) (0.75, 0.60, 0.82) (0.60, 0.70, 0.79)

p2 (0.80, 0.65, 0.86) (0.75, 0.60, 0.82) (0.75, 0.60, 0.82)

p3 (0.75, 0.60, 0.82) (0.90, 0.60, 0.92) (0.50, 0.50, 0.62)

p4 (0.75, 0.60, 0.82) (0.75, 0.60, 0.82) (0.50, 0.50, 0.62)

p5 (0.50, 0.50, 0.62) (0.75, 0.60, 0.82) (0.50, 0.50, 0.62)
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Step 3: the weight of every linguistic variable is computed using Equation (10), with the
results presented in Table 32 and Figure 2.

Step 4: the DMs' weights are evaluated using the information in Tables 7 and 32, and
Equation (11), with the results shown in Table 33 and Figure 3.

Step 5: the weights of the attributes are evaluated using the information in Tables 7 and 32,
and Equation (12), with the results presented in Table 34 and Figure 4.

Step 6: an aggregated SVN decision matrix with respect to the DMs is created. The DMs
evaluate all the alternatives according to every attribute in Tables 20–31. Then, their opinions
are grouped into this matrix using Equations (13) and (14), with the results given in Table 35.

TABLE 32 Weights of linguistic variables

SVN variable Weight

VH (0.90, 0.60, 0.92) 0.186

H (0.80, 0.65, 0.86) 0.163

MH (0.75, 0.60, 0.82) 0.156

ML (0.60, 0.70, 0.79) 0.104

AV (0.50, 0.50, 0.62) 0.104

L (0.70, 0.80, 0.88) 0.143

VL (0.60, 0.90, 0.92) 0.125

FIGURE 2 Weights of linguistic variables [Color figure can be viewed at wileyonlinelibrary.com]

TABLE 33 Weights of decision‐makers

dmk dm1 dm2 dm3

Weight 0.353 0.364 0.283
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FIGURE 3 Weights of decision‐makers [Color figure can be viewed at wileyonlinelibrary.com]

TABLE 34 Relative weights of attributes

β1 β2 β3 β4 β5 β6 β7 β8 β9 β10 β11 β12

Weight 0.900 0.084 0.088 0.074 0.089 0.074 0.094 0.070 0.081 0.078 0.090 0.093

FIGURE 4 Relative weights of attributes [Color figure can be viewed at wileyonlinelibrary.com]
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Step 7: the relative weight of each attribute is computed by Equation (16) and the results
shown in Table 36.

Step 8: the results obtained for the overall dominance degree matrices δ δ p p= [ ( , )]i t m m× at
θ = 1 and θ = 2.5 using Equation (20) are provided in Table 37.

Step 9: the overall value of each p δ A i m( )( = 1, …, )i i is computed using Equation (22).
Then, δ p δ p δ p δ p( ) = 0.174, ( ) = 0.418, ( ) = 0, ( ) = 11 2 3 4 and δ p( ) = 0.6845 at θ = 1 and
δ p δ p δ p δ p( ) = 0.0615, ( ) = 0.589, ( ) = 0, ( ) = 11 2 3 4 and δ p( ) = 0.6225 at θ = 2.5.

Step 10: Sort alternatives descending according to the overall value δ A( )i . The five alter-
natives are ranked as follow p p p p p> > > >4 5 2 1 3 at θ = 1 and at θ = 2.5.

The five alternatives are sorted in descending order according to their overall values δ A( )i
and ranked as p p p p p> > > >4 5 2 1 3 at θ = 1 and at θ = 2.5.

5.3 | Comparative study: Proposed versus existing models

In this section, the suggested framework is compared with existing models for the evaluation of
RESs. For maintaining homogeneity, the suggested model is compared with models published
on the Fuzzy number method,58,79 Z‐number‐based COPRAS method,80 and q‐ROFI.70

TABLE 35 Five p i, ( = 1, 2, 3, 4 and 5)i evaluated using SVN under above 12 attributes

Alternative β1 β2 β3 β4

p1 (0.010, 0.980, 0.980) (0.489, 0.896, 0.926) (0.449, 0.927, 0.941) (0.489, 0.795, 0.825)

p2 (0.234, 0.957, 0.963) (0.483, 0.922, 0.937) (0.668, 0.834, 0.894) (0.490, 0.760, 0.800)

p3 (0.600, 0.900, 0.920) (0.234, 0.957, 0.963) (0.444, 0.928, 0.941) (0.489, 0.795, 0.825)

p4 (0.675, 0.827, 0.891) (0.675, 0.827, 0.891) (0.600, 0.900, 0.920) (0.489, 0.795, 0.825)

p5 (0.600, 0.900, 0.920) (0.483, 0.9 22, 0.937) (0.234, 0.957, 0.963) (0.489, 0.795, 0.825)

β5 β6 β7 β8

p1 (0.534, 0.883, 0.922) (0.770, 0.618, 0.834) (0.534, 0.883, 0.922) (0.534, 0.883, 0.922)

p2 (0.347, 0.939, 0.952) (0.943, 0.141, 0.941) (0.234, 0.957, 0.963) (0.668, 0.834, 0.894)

p3 (0.281, 0.951, 0.958) (0.872, 0.617, 0.898) (0.234, 0.957, 0.963) (0.449, 0.864, 0.901)

p4 (0.631, 0.870, 0.908) (0.783, 0.631, 0.845) (0.668, 0.834, 0.894) (0.639, 0.863, 0.906)

p5 (0.640, 0.862, 0.905) (0.765, 0.614, 0.831) (0.631, 0.870, 0.908) (0.640, 0.789, 0.858)

β9 β10 β11 β12

p1 (0.500, 0.500, 0.620) (0.539, 0.565, 0.677) (0.678, 0.561, 0.741) (0.635, 0.588, 0.735)

p2 (0.836, 0.635, 0.877) (0.862, 0.600, 0.883) (0.822, 0.618, 0.862) (0.769, 0.617, 0.834)

p3 (0.765, 0.614, 0.831) (0.783, 0.631, 0.845) (0.807, 0.600, 0.847) (0.782, 0.570, 0.790)

p4 (0.770, 0.618, 0.834) (0.566, 0.619, 0.723) (0.741, 0.603, 0.784) (0.696, 0.570, 0.758)

p5 (0.538, 0.563, 0.675) (0.539, 0.565, 0.677) (0.696, 0.570, 0.758) (0.611, 0.534, 0.686)
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In this section, the suggested model is compared with existing models for evaluating RESs,
that is, the fuzzy number method,58,79 Z‐number‐based COPRAS method80 and q‐ROFI,70 as
shown Table 38.

A sensitivity analysis of our proposed and two other methods, those of Rani et al.79 and
Krishankumar et al.,70 is conducted and the alternatives with different values of θ ranked. In each
method, the sequence of alternatives changes, with the results obtained presented in Tables 39 and 41
when θ = 1 and in Tables 40 and 42 when θ = 2.5 as well as in Figure 5. Rani et al.79 used the fuzzy
method to represent data and Krishankumar et al.70 the q‐rung orthopair fuzzy one whereas we use
neutrosophic values in our proposed one. The idea of dealing with data or information neu-
trosophically is that it uses three membership functions (T, I, F) which provide more accurate data
and their descriptions than the other approaches, thereby producing more accurate results and
information. It also contributes to the best decision being made.

5.4 | Managerial implication of proposed model

For growth and development, developing nations, such as India, require large amounts of
energy which can be generated by RESs. The proposed approach uses a neutrosophic en-
vironment with three membership functions (T, I, F) which provide more accurate descriptions
of the data than other methods and contribute to selecting the best RES. It presents a decision
model as a guide for the assessment and allocation of RESs and also reduces the need for
human intervention by being systematically applied to this problem. The proposed approach
has the following advantages:

• The proposed model describes input data using three membership function (truth, falsity, and
indeterminacy) which leads to more accurate results, and contributes to making the best decision.

• The suggested model calculates the missing values and weights of DMs and attributes in a
systematic manner that enhances accuracy in the MADM process.

TABLE 36 Relative weights of attributes

ωβ r1
ωβ r2

ωβ r3
ωβ r4

ωβ r5
ωβ r6 ωβ r7

ωβ r8
ωβ r9 ωβ r10

ωβ r11
ωβ r12

0.96 0.89 0.94 0.79 0.95 0.79 1.00 0.74 0.86 0.83 0.96 0.96

TABLE 37 Overall dominance degrees δ p p( , )i t

p1 p2 p3 p4 p5

θ = 1 θ = 2.5 θ = 1 θ = 2.5 θ = 1 θ = 2.5 θ = 1 θ = 2.5 θ = 1 θ = 2.5

p1 0.000 0.000 −6.918 −2.751 −4.257 −1.713 −6.480 −3.041 −4.863 −1.810

p2 −4.842 −1.645 0.000 0.000 −1.755 −0.340 −6.611 −2.372 −6.331 −2.198

p3 −6.648 −2.417 −7.448 −2.852 0.000 0.000 −5.039 −2.535 −5.510 −1.834

p4 −0.890 −0.799 −5.228 −1.712 −3.050 −0.862 0.000 0.000 −3.269 −1.039

p5 0.240 −0.618 −6.397 −2.193 −5.232 −1.794 −4.903 −1.780 0.000 0.000
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• The proposed model considers the interrelationships between attributes within the aggregate
decision matrix for RES selection.

• The proposed model employs the TODIM method to prioritize RESs by extending it to the
neutrosophic context and without any potential loss of information.

6 | CONCLUSION AND FUTURE WORK

This study dealt with the evaluation and selection of renewable energy sources, especially in India.
The research was executed inside a neutrosophic environment because decisions made by DMs in
the energy area under ambiguity and uncertainty. The research evaluated five RESs (biomass, tidal,
wind and solar energies as well as small hydro) against 12 sustainability criteria (air pollutant
emissions, water pollution, land requirement, land disruption, need for waste disposal, sustainable
energy, security, cost, economic risk, feasibility, durability and adaptability to energy policy). The
proposed framework handles missing values dynamically using a case‐based technique that can
rationally compute them for various scenarios. It calculates the weights of the DMs and attributes
in a systematic manner which boosts the accuracy of both the MADM process and evaluations. An
aggregate decision matrix for selection most suitable RES is performed by taking the advantage of
the interrelationships between the attributes. The TODIMmethod is extended to logically prioritize
RES selection in the neutrosophic environment without the loss of potential information. To
demonstrate the effectiveness of the proposed model, it was conducted in Karnataka, India as a real
case study for the selection of RESs. Experimental results revealed that wind power is the most
suitable RES, followed by small hydro energy.

In the future, related studies can be performed under neutrosophic conditions to handle
more complex evaluation problems. In addition, the selection of RES under neutrosophic
conditions is a topic that deserves more investigation. We also plan to employ our proposed
approach to scales of various evaluation problems.

TABLE 39 Ranking order of alternatives when θ = 1

Method θ = 1 Tidal RES( )1 Biomass RES( )2 Solar RES( )3 Wind RES( )4

Small hydro
energy RES( )5

Our proposed method 0.17 0.42 0.00 1.00 0.68

Rani et al.79 0.71 1.00 0.00 0.16 0.63

Krishankumar et al.70 0.32 1.00 0.35 0.44 0.00

TABLE 40 Ranking order of alternatives when θ = 2.5

Method θ = 2.5 Tidal RES( )1 Biomass RES( )2 Solar RES( )3 Wind RES( )4

Small hydro
energy RES( )5

Our proposed method 0.062 0.59 0.00 1.00 0.62

Rani et al.79 0.23 0.00 1.00 0.71 0.37

Krishankumar et al.70 0.34 0.00 1.00 0.72 0.25
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(A)

(B)

FIGURE 5 Ranking order of alternatives when (a) θ = 1; and (b) θ = 2.5 [Color figure can be viewed at
wileyonlinelibrary.com]

TABLE 41 Final ranking order of methods when θ = 1

Method θ = 1 Ranking order Optimal rank

Our proposed method RES RES RES RES RES> > > >4 5 2 1 3 RES4

Rani et al.79 RES RES RES RES RES> > > >2 1 5 4 3 RES2

Krishankumar et al.70 RES RES RES RES RES> > > >2 4 3 1 5 RES2
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