Granular Computing (2022) 7:77-93
https://doi.org/10.1007/s41066-020-00252-0

ORIGINAL PAPER q

Check for
updates

Intuitionistic fuzzy scale-invariant entropy with correlation
coefficients-based VIKOR approach for multi-criteria decision-making

Rakhi Gupta' - Satish Kumar’

Received: 30 September 2020/ Accepted: 23 December 2020/ Published online: 1 March 2021
© The Author(s), under exclusive licence to Springer Nature Switzerland AG part of Springer Nature 2021

Abstract

In this paper, a parametric generalization of Shannon entropy, i.e., Logarithmic -Norm entropy measure has been
discussed. We have also derived the desired entropy characteristics of new generalized entropy measure including its
positivity, expandability, extensivity and additivity and in addition, provided the much desired scale invariance property.
This striking property is satisfied neither by Shannon entropy nor by its existing generalization like Renyi’s and Tsallis
entropies, etc. Then we define the scale-invariant entropy measure in intuitionistic fuzzy set and discuss its several
mathematical properties and validity. Thereafter, we suggested a new multi-criteria decision-making (MCDM) method
using weighted correlation coefficient-based VIKOR approach for finding the ranking and measuring the uncertainity in
place of distance measure. The proposed decision-making technique is well described through the numerical example
based on supplier selection with the help of two approaches. In first approach we considered the case of partially known
criteria weights, whereas unknown criteria weights are discussed in second approach. The comparative results show the
flexibility and effectiveness of the proposed approach to solve problems in real life.

Keywords Shannon’s - Fuzzy set - Intuitionistic fuzzy set - Scale-invariant intuitionistic fuzzy entropy - Multi-criteria

decision-making (MCDM) - VIsekriterijumska i Kompromisno Optimizacija Resenje (VIKOR)

1 Introduction

To cope with the vague and uncertain information appro-
priately, Zadeh (1965) proposed the theory of fuzzy sets
(FSs) to extend the classical set, depicted by the mem-
bership degree (u). Before the development of FS theory,
the only method to compute uncertainty was probability.
But probability measures the uncertainty that should be
expressed in precise numbers. The indistinct terms such as
high speed, very rich, very intelligent can be quantified by
FS theory. Therefore, the FSs are more useful than classical
sets and probability theory to express uncertainty. Due to
its flexible approach, FSs find their applications in deci-
sion-making, in risk evaluation, etc. Various valuable
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generalizations (Arya and Kumar 2020a) of fuzzy set the-
ory have been proposed, but FSs are not enough to handle
the hesitancy degree.

The intuitionistic fuzzy set theory was proposed by
Atanassov (1986) as a new prominent extension of FS.
IFSs studied by Atanassov (1986) are characterized by two
degrees membership (u € [0, 1]) and non-membership (v €
[0, 1]) and satisfying 0 < (1 4+ v) < 1. He added third factor
in the existing framework of FSs called ’intuitionistic
index’ (m) with the equation x4+ v+ = = 1. Ratika and
Kumar (2020) introduced a measure to compute the degree
of distance between intuitionistic fuzzy set based on
Renyi-Tsallis entropy. Thus, IFSs are more flexible of
handling the uncertain real-life problems. Let us visit an
example on voting. During voting, a section of people that
votes in favor of government comprises the membership
degree and a section of people that does not vote in favor of
the government constitutes the non-membership degree. In
reality, another section of people also exists that is inde-
terminate to vote for or to vote against the government. In
FS proposed by Zadeh (1968), such section of people does
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not get due representation. To cover up this section of
people, Attanasov (1986) added one more component in
the existing structure of FS called ‘intuitionistic index’ (7).
This improved the adaptability of FSs for real-world
problems.

Weight determination is an key investigation for fuzzy
MCDM as considered by different authors (Arya and
Kumar 2020, 2020c; Fahmi et al. 2019; Joshi and Kumar
2018). Weight entropy method is frequently employed
method among other methods. Thus, entropy becomes
burning topic of FSs. Several researchers considered IFE
and suggested different formulas. New definition and for-
mula of entropy for IFs introduced by Zhu and Li (2016).
Bhandari and Pal (1975) was the initial researcher who
suggested the generalized entropy. Cosine function-based
IFE suggested by Liu and Ren (2015). Logarithmic func-
tion-based entropy suggested by Mao et al. (2013); Xiong
et al. (2017) and Mishra et al. (2017). Joshi and Kumar
(2018) implemented parameter-based entropy measure.
While changing the parameter the entropy measure is both
flexible as well consistent.

Multi-criteria decision-making (MCDM) techniques are
useful to make a choice of best alternative among multiple
decision alternatives. Therefore, multi-criteria decision-
making (MCDM) is an important area where the IFSs have
a wide scope of applications. Many theories and tools have
been developed by different authors for solving MCDM
problems (Chen and Chang 2016; Chen et al. 2016; Zeng
et al. 2019; Rani et al. 2019). Opricovic (1998) introduced
VIKOR (VIsekriterijumska Optimizacija i Kompromisno
Resenje) method, Benayoun et al. (1966) suggested the
ELECTRE (Elimination et choice translating reality ),
PROMETHEE (Preference Ranking Organization Method
for Enrichment Evaluations) technique introduced by
Brans and Mareschel (1984). Each method has its own
advantages and drawbacks. Citing the drawbacks of
PROMOTHEE and ELECTRE, Opricovic introduced an
extended VIKOR method. VIKOR method by (Opricovic
and Tzeng 2007; Arya and Kumar 2020c) provides a
comprehensive solution that makes it more suitable for
practical applications. The VIKOR method employed by
researchers till now is based on distance measure. But it
has been observed that the output of distance measure-
based decision-making methods may vary with the distance
measure used by Joshi and Kumar (2018). For deciding the
most suitable alternative many decision-making methods
uses score functions or accuracy functions. But, Ye (2010)
argued that accuracy functions or score functions do not
provide adequate information about alternatives. No study
has been conducted so far on weighted correlation coeffi-
cients based on VIKOR approach in the best of my
knowledge. Therefore, in this paper, we propose a scale
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invariant using weighted correlation coefficients based on
VIKOR approach.

Further, criteria weights vector plays a deciding part to
resolve the multi-criteria decision-making (MCDM) prob-
lems. The selection of most desirable alternative is feasible
only by proper evaluation of criteria weights. After sur-
veying the literature, Chen and Li (2010) splits criteria
weight in objective and subjective methods. In subjective
method, the criteria weights are decided purely according
to the preference of decision-makers (Arya and Kumar
2020; Hwang and Lin 1987; Joshi and Kumar 2018), while
in objective weight method, the criteria weights are
determined by solving mathematical programming models
(Jamkhaneh 2018; Mahmood et al. 2018), which neglect
the subjective judgment information of DMs. Entropy
method is another reliable and entrusted approach under
objective weight evaluation category. The proposed paper
adapted an entropy method to determine the criteria
weights and and to reflect both the objective information as
well as subjective information of the DM’s. An integrated
method seems more meaningful and desirable for deter-
mining the criteria weights. This study aims the following
contributions: in this paper, we develop a new information
measure called logarithmic intuitionistic fuzzy (IF) infor-
mation measure for IFSs. It is based on the Renyi’s con-
cept. The proposed measure has some valuable properties,
which are proved to check the applicability of the proposed
measure. Next, we study a novel multi-criteria decision-
making (MCDM) problem using weighted correlation
coefficients where the weight information on the criteria is
complete known or partial unknown. Finally, a ranking
method using VIKOR is implemented to rank the
alternatives.

The motivation of this paper are: to compute the dis-
tance between ideal solutions and alternatives, generally
we use different distance measures. As Xiao and Wang
(2017) proposed intuitionistic fuzzy VIKOR method based
on distance measure and calculates the group utility and
individual regret by the distance measure, whereas we
evaluate the correlation between the different alternatives
and positive as well as negative ideal solutions to decide
the best alternative. We have not used distance measure
because in some of the special cases it cannot successfully
decide the closeness of each substitute. In this paper, we
introduce a new multi-criteria decision-making (MCDM)
method by using weighted correlation coefficient based on
VIKOR approach. For measuring the correlation degree,
we have used the correlation coefficient for IFSs and fur-
ther scale-invariant entropy measure is proposed for cal-
culating the uncertainty.

Since the continuous advancement of science requires
experimentation with more and more complex physical
systems of nature and the analysis of complex data
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structure arising from them, there has always been a quest
for new, more general measures of uncertainty that could
possibly explain such complex phenomena more accu-
rately. With this view, several other one and two parameter
generalization of the entropy functional have been pro-
posed in the literature, although not all of them have sig-
nificant applications with experimental validity.

The major contribution of our proposed work as follows:

e We proposed a new entropy measure which is scale
invariant for complete probability distribution, whereas
other entropy measures does not holds scale invariance
property. We have mentioned this generalized entropy
as the Logarithmic f Norm Entropy(LNE).

e Also, we proposed intuitionistic fuzzy scale-invariant
entropy and prove its validity, whereas other intuition-
istic fuzzy measures do not hold scale invariance
property. We call such entropy is Logarithm f-Norm
intuitionistic fuzzy based on entropy.

e Thereafter, we suggested correlation coefficient-based
VIKOR approach for finding the ranking and measuring
the uncertainty in place of distance measure. Correla-
tion coefficient-based VIKOR approach has not been
used till date in best of my knowledge.

e After that, we compared our proposed work with the
existing researchers those who have used distance
measure-based VIKOR method. After comparing, we
reached to the conclusion that the proposed work attains
the best result.

To achieve the proposed objectives, the present paper is
arranged in six sections: Sect. 1, describes the contribution
of preliminary researchers in this field, origin of motivation
and goals to be attained via this contribution. In Sect. 2,
existing literature related to proposed work is reviewed and
a new scale-invariant entropy measure for probabilistic
view point has been defined. Then a new intuitionistic
fuzzy scale-invariant measure analogous to the well-known
Renyi’s and Tsallis entropy are proposed and validated.
Section 3 is utilized to recognize some basic definitions. In
Sect. 4, we proposed a scale-invariant information measure
for intuitionistic fuzzy set and proving the validation of it.
In Sect. 5, we introduced a new multi-criteria decision-
making (MCDM) technique that builds on new proposed
measure and weighted correlation coefficients-based
VIKOR approach. The application of the suggested multi-
criteria decision-making (MCDM) method in actual prob-
lems is described in Sect. 6 with the help of example on
supplier selection problem. Eventually, the last section
draws “Conclusions”.

2 Scale-invariant generalized information
measure

Let T,={Q=(o,@2,...,@,):@;>0,i=1,2,..n
S, @ =1},n>2 be a set of discrete probability distri-
bution. For any probability distribution Q = (@, wy,
..., @p) € 'y, Shannon defined an information measure
given by

n

HShanrmn(Q) - — Z(wl) log(w,) (l)

i=1

Renyi’s (1961) generalized Shannon measure as:

1 n P .
— >y (@) log(m;), B = 1.

Remark 1 1If f =2 in (2), (2) becomes Renyi Index or
collision entropy

-1
ie., Hg:fvi(Q) = logp (Z w?) . (3)
i=1

2.If B — oo, the Renyi’s entropy Hy converges to the min
entropy Hoo:

Hoo(Q) = — log(max(pi))- (4)

However, in the literature of information theory, there exist
several versions of Shannon’s entropy (1948). We intro-
duced a new information measure gHpew(Q) : I’y — Rt
(set of positive real numbers); n>2 as follows:

_ .\ 5
1 n B n 1
pHnew (Q) = ——— |log Zwlﬁ —log wa
P =8 I i=1 i=1
1 (Z?:1 wf)ﬁ
=— log
T8 X
(Z?l wﬁ)
L[ (e
Hpew (Q) - log
! 8| (mn,;l
1 r
=51 oe 19, ~ tog 9.

(5)
where [|Q||; denotes the -Norm of the function Q =

ﬂ—l
{o1, @2, ..., @,} defined as [|Q||; = (27:1 wlﬂ) .
3. If f =1, then (5) recovers Shannon entropy.
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4. pHpew (Q) = 51 Huew (Q), that is, (5) is symmetric with

respect to (B, f71).

However, several generalized versions of existing
entropy (Shannon’s, Renyi’s and Tsallis entropy) are
available in the literature. By noting their similarity with
the f norm entropy, we denote the generalized entropy
given in (5) as the Logarithmic f-Norm entropy for
Q € I',.. It is interesting to note that gHey (€2) is symmetric
in the tuning parameter (f, f').

The major advantage of Logarithmic entropy in (5) is its
scale invariance property:

pHnew (€ Q) =p Hpew(Q) for any Q € ', ¢, f > 0. This
striking property is satisfied neither by the Shannon entropy
nor by its existing generalizations like Renyi’s, Tsallis
entropies, etc. Therefore, it appears that the Logarithmic f3-
Norm entropy is the parameteric generalization of the
Shannon and Renyi entropy over Q € I', that is scale
invariant over the complete probability distributions I',,.

2.1 Properties of generalized measure presented
in (5)

Theorem 2.1 For any Q € T, and gHyew (Q) satisfies the
following properties:

a  pHnew(Q) >0 for all > 0(s 1).
b pHyew(@1, @2, ...,@,) is a symmetric function of

(w1, @2, ..., @y).
Cc ﬁHnew(Oa 1) =0 =B Hnew(170)~

[Non-negativity]

[Decisivity]

d For any Q= (w,w,....,w,) €L, we have
ﬁHnew(Q) =p Hnew<w17w2; ...,‘(U,,,O).
[Expandability]

e For Q= (w,m,...,m,) €I, and

E=(&,8,...,¢&,) € Ty, let us define their indepen-
dent combination as QxE=(0:&),_y i1 m
Then, pHrew (QxE) =g Hiew (Q) +p Hyew (2).
[Shannon additivity/ Extensivity]

f pHpew(3,3) = 1.

g pHuew(w1, @2, ..., ) SpHneW(ﬁ,%,...,%) = log(n).

h  pHpew(®@1, @2, ....,@,) is continuous in wis for all i =
1,2,..nand > 0.

i For p>0, such that In||Q|; is convex in Q. Then,
pHuew(Q) is concave in Q € T,

[Normalize]

Proof (a). The entropy pHpew(Q) is non- negative for all
p>0.
We consider the following cases:

Case(i): When f8 > 1, this implies ' <1

@ Springer

7 B
n B n 1
<Z wlﬁ) <1 and <Z wf) > 1. (6)
i=1 i=1

Taking logarithm on both side (6),

1
n B
log<2w,ﬁ> <logl =0 and
i=1
n N\
log (Z w?) > logl =0.
i=1

From (7), we get

n % n 1 ﬁ
log (Z wf) —log (Z wf) <0. (8)
i=1

Since, > 1, which implies (f~' — f) <0.
Therefore, from (8), we get

_ 1 [
B —p
ie., /)'Hnew (Q) > 0.
Case(ii): Similarly, for f<1, and [371 > 1, which
implies (7' — ) > 0 and we get

log |2, — log 21|,

1
o7 [log 9, —10g 1] ]

ie., /;Hnew (Q) > 0.
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Now, combine the case (i), (ii) and property (c) that
gives non-negativity, i.e., gHpew > 0.

(b—c). Here, property (b) and (c) are proved precisely by
the definition of Logarithmic Norm entropy.

(d). By definition (5), this proves the property trivially.

(e). First, we note that, for any # > 0, we have

HQ*EH/} =<Zn: zm:(‘wiéj)ﬁ> = <i:(wi)ﬁ y (é/)ﬂ>

i=1 j=I i=1 =1
=[1Qllg-[IEll -

Therefore, for f§ # 1(f > 0), we get
- 1 - =
pHnew(Q % E) = m [ln||§2 * :Hﬂ — In||Q * n||ﬁ71}

=5 Hoew(Q) 5 Huew ().

(h). The proof for the case f§ # 1 follows directly from the
continuity of the norm functionals [|Q|, and the Loga-
rithmic function.

(i). Let us assume the property (j) holds and take
0,Q €T, 2 € [0,1]. Take f <1, by Minkowski inequal-
ity, we have

1291+ (1= 2) Q> 2

Qg+ (1= 2) [l (11)

Combining it with the monotonicity and concavity of
logarithmic function, we get

In [2Qu+(1 = 2) Q| p=in [2 [ Qull+(1 = 2) Q4]
2 Aln (|| + (1= 2) In [|Qa]] .
On the other hand, by convexity of In [|Q ;-1 , we get
In |M Q) + (1 — i) QZH/ﬁ" <Aln ||QIH/3*1
(1= 2) I [

Thus, along with (8! — ) > 0, for f<1 finally we get

Hoew (7. Q1 + (1= 2) Q)

1
= [ 112,91+ (1= 2) @l

—In |4 Qs + (1 - 2) Qz||ﬁ71}

1
> g [Pl + (1= ) el

2l |y — (1= 2) In ||Qz||,rl}
_ 1

B —p

~in 1)

= ﬁHnew(Ql) +

[ At 1920 = i ]} + (1= 2) {1921l

(1= 2) pHew ().
(12)

This proves the concavity of scale-invariant entropy. [

3 Scale-invariant intuitionistic fuzzy
information measure

Definition 3.1 (Zadeh 1968) Let Y = (y1,y2,...,yn) be a
non-empty set, FS S is given by

S = {{yi, usvi))lyi € Y}, (13)

where g : Y — [0, 1] denotes the membership function and
pg(yi) € [0, 1] represents the membership degree of y; € ¥
inS.

The idea of FSs extended by Atanassov (1986) by
adding one more component named “Hesitancy Degree’’,
thus presenting a new concept called “Intuitionistic Fuzzy
Set (IFS)”.

Definition 3.2 (Atanassov 1986) For a universe of dis-
course ¥ = (y1,y2, ..., ya), an IFS § is given by

S = {1, (i), vs i) lyi € Y}, (14)

where pig(y;) denotes membership degree and vg(y;)
denotes non-membership degrees of y; € ¥ in S satisfying
0 < ug(yi) + vg(yi) < 1. The number mg(y;) = 1 — pg(vi) —
v¢(yi) denotes the intuitionistic index or hesitancy degree.
If we take 7g(y;) = 0, then IFS become FSs. For an IFS ,
(pg(si), vg(si)) is termed as intuitionistic fuzzy number
(IFN) where every IFN is represented as A= (p;,v,),
where p; and v, lie in [0, 1] with p; 4+ v; < 1. In addition to
this, S(A) = u; — v, and H(A) = u; 4+ v; we represent the
“score value ” and “accuracy degree” of A, respectively.
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In this article, IFS(Y) and FS(Y) constitute the set of all
IFSs and set of all FSs on Y independently. Logarithms are
assigned to the base ‘2’ unless or otherwise stated.

Definition 3.3 (Xu 2007; Yager 2006) Let IFNs 4; = (u;,,
Vi) s A2 = (W3,, vi,) and A3 = (u;,, v;;), the set operations
are stated as below:

Lo A+ = (py, + M, — Wy, 5V Vs )
2. hixip= (:uil.u/ly Vi Vi, =V W-z)’

3. pi= (1 — (1= ), (v,z)");ﬁ >0,
40 = () 1= =w))ip>o.

Definition 3.4 (Xia and Xu 2012) Let 4; = (1, v;,),
where (i =1,2,...,n) be a group of IFNs. Suppose J =
(31,32, ...,3,)" be the weight vector of 4;(i =1,2,...,n)
where J; € [0,1] fulfilling the condition >}  J; =1.
Function SIFWA : U" — U defined as

SIFWA (A1, 22, oy ) = 170 4 Jada + oo+ Tudn

_ < I, M? [T "3[ >
T 0 + T (= )] Iy v + T (= vy,
(15)

is known as symmetric intuitionistic fuzzy weighted aver-
aging (SIFWA) operator.

Definition 3.5 (Atanassov 1986) ( Operations on IFSs ).
For any T, S € IFS(Y) defined by:

T ={(i, (), v (i) i € Y}, (16)
S ={{vi us(vi), vs i) lyi € Y}, (17)
the regular set operations and relations are considered as:

1. TCSifandonlyif 7 C S, ie., if up(y;) < pig(y:) and
vp(yi) 2 vs(vi) for pg(yi) <vg(yi), or if pp(yi) > vg(yi)
and vy (yi) < vg(yi), for pg(yi) > vg(yi) for any y; € Y;

2. T=Sifandonlyif 7 C Sand S C T;

3. T = {i,ve(i), ur(i))lyi € Y}

4. TS = {(up(vi) A uglyi)and vz (i) V vg(vi))lyi € Y}
5. TUS = {{up(y:) V ug(yi)and ve(yi) A vs(yi))|y: € Y}.

4 Entropy for FSs and IFSs

Definition 4.1 (Zadeh 1965) (Fuzzy Entropy ). A real

function ¢ : FS(Y) — [0,00) is termed as fuzzy entropy
whenever it satisfies the subsequent properties:

1. Sis crisp set if and only if ¢(S) = 0, For all § € FS(Y).

@ Springer

2. If ug=0.5 if and only if $(S) is maximum for all
S e FS(Y).

3. Forany T,S € FS(Y), p(T) < ¢(S) if T is crisper than
S, that is, 7 < ug if 1g<0.5 and py > pg if pg>0.5.

4. $(S) = (S)°, where (S)°
S e FS(Y).

denotes complement of

Since for an IFS, u+ v+ n =1, accordingly, seeing
(u, v, ) as probability distribution, Hung and Yang (2006)
gave a new entropy for IFSs, by extending the idea of Luca
and Termini (1972).

Definition 4.2 (Atanassov 1986) (Intuitionistic fuzzy
entropy). A real function ¢ : IFS(Y) — [0, 00) is known as
an entropy on IFS(Y) if the following properties are
satisfied:

1. Sis a crisp set if and only if ¢(S) = 0.
. The value of ¢(S) is maximum at pg = vg = g = 1.
3. (T) < H(S) if and only if T is crisper than S, that is,
Py > g, Vi > Vg if min(,uT, vg) > % and
ty < g, vy < v if max(pg, vg) <

4. ¢(S) = ¢(S) where (S5)° denotes complement of S.

Definition 4.3 (Szmidt and Kacprzyk 2002) An entropy on
IFS(Y) is a real-valued function A: IFS(Y) — [0, 1], which
fulfills the properties as below:

Ry. A(T) =1 if and only if ps(y;) = vz(y:), for all
yi €Y.

N,. A(T) = 0 if and only if T is crisp set, i.e., up(y;) =
0,vp(yi) =1 or up(y;) = 1,v(y;) =0 for all y; € Y.

3. A(T) <A(S) if and only if T C S.

Ry. A(T) = A(T)".

Definition 4.4 [Correlation coefficients (Gerstenkorn and

Manko 1991)]. Suppose S1 = { (v, g, (v:), vg, (v:))|yi € ¥}
and S, = { iy g, (i), vg, () yi € Y} are two IFSs. Ger-
stenkorn and Manko define correlation coefficient (S, SAz)

between SAl and S} as follows:
. F(S, S
S, $) = —SuS) - ) -, (18)
Y(SHY(S2)

where

FS5) = 3 (g 0 00 + v v 00)  (19)

i=1

represents the correlation between two IFSs SAI and §2, and
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n

w(S) =" (g, 00 + (o5, 00))?))
i=1

n

W(S) = (g, 00 + (v, 00))?))

i—1
are respective informational energies of S; and S,.

The correlation coefficient F(SAI,SAZ) satisfies the fol-
lowing properties:

1. 0<F(S,8,)<1.
2. F(81,82) = F(S2,81).
3. F(51,8)=1if §; = S,.
Now we introduce a new entropy measure called Loga-
rithmic intuitionistic fuzzy entropy of IFSs with the help of
above concepts.

Now, corresponding to Shannon entropy, Luca and
Termini (1972) proposed a fuzzy entropy as below:

n

1
_ E;[Mg(y,»)mg(us*(y;)) (22)

+ (1 = ug(yi)log(1 — ug(yi))l;
where S € FS(Y) and y; € Y. Bhandari and Pal (1975)

extended Renyi’s idea for introducing a new fuzzy entropy
which is given by

Hzp(S)
= ﬁz: lOg[(.“S”()’i))

Further extending the idea of Verma and Sharma (2014),
we proposed a scale-invariant information measure for
IFSs.

H;7(S)

+ (1= pg(3:)"]. -

Definition 4.5 For any T € IFS(Y), we define:

) = —/f)Z o

(g0 + Grt0)) (g 0) 50) P 4 2103 } '
(O™ + G0 x (ar )+ v O 4218 )|
B> 0 1).

(24)

Then (24) is a Logarithmic f-Norm intuitionistic fuzzy
information measure.

Particular cases:

1. If f=1, then (24) becomes Vlachos and Sergiadis
(2007) entropy.

2. If =1 and Hesitancy n;(y;) =0, (24) becomes De
Luca and Termini (1972) entropy.

3. If np(y;)) =0, then (24) becomes fuzzy information
measures corresponding to the measure (5).

4. Ap(T ) =
istic case and also satisfies the translating invariant
property.

Now, we explain the existence of the measure (24) as

below.

Ap (T ), i.e., (24) is symmetric for intuition-

4.1 Proof of validity for (24)

Theorem 4.1 The measure Ag(T) in (24)is a valid intu-
itionistic fuzzy entropy of order p.

Proof We validate the measure (24) by satisfying the
axioms N; — Ny.

(X;). Prove that Ag(T)=1 if and only if
py(vi) = v5(vi). Putting pp(yi) = vp(yi) in (24), then we
get Aﬁ(f) = 1. In the converse part,suppose Aﬁ(f) =1
then we have to show that ps(y;) = vz(y;) for all y; € Y.
For proving the above, we use the following inequality:

(25)

- p
@ ;’K z(“’;”‘) 0<w,k<landf>1,

where equality holds if and only if = k. For f > 1, we
have

((wuxﬁ) x (@ +K)F 421 ﬂ(1fa)f;<))
log - 3 <1.
((w/r'—l-;c/f") X (o41) T 42187 (1 - w—;c))

(26)

BB

By taking w7 (i) = @,vp(vi) = x and pz(yi) +vz(vi) +
np(y;) = 1 in (26), we have

1
n(B~" = p)

(((Hr”(yi))/f + 0N x (e(i) + v o) + 217/3nf(y[))/% -
(O "+ p ) x ) +v700) P 218 ")) |

(27)

log

Therefore, As(T) = 1 if and only if w;(v;) = v;(vi).
(R,). Let T be a crisp set. This implies,
ur(vi) = 1vp(i) = 05 or pp(yi) = 0, v(yi) = 1.
Then from (24), we find that Ag(T) = 0. Conversely, let
Ag(T) = 0. Therefore, (24) gives

1 n
) 2
{ (o) + 0 00)) x ) +v700) " +2 g 3!
(«

T 0 X (e O0) +vr ) 4 20 ()

either

1 (i)’

Therefore, (28) will hold only if
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(G0 + 00" ¢ (g 00) + vz i)

12 0) = (e )+ 0200 (29)

% () + v 0) "+ 21"‘4%(%))”'

Since f§ # 1, then (28) holds. We may conclude that 7 is a
crisp set if and only if Agz(T) = 0.

(N3). A/;(f) gAﬁ(f) if and only if T C S. Now, we have
to prove that (24) satisfies (N3). For this, we define the
function:

p(glagZ) :ﬁlog

1
((gllj (g +e) 2P - gy gz))ﬁ
-1 —1 _pl _ g1’
((gf +gh e +g) Tt 42 (1 - g —gz))
(81,82) €10, 1].

(30)

p is an decreasing and increasing function with respect to

g» and gy, respectively. Calculating the critical points and

putting % =0 and % =0, gives

81 = &2-
O
Some cases that arise are:

op(g1,82)

1. When 81 ng, ag
1

>0if f>1 and

op(g1,82) .
S0 0%% > 0i4f B<1.
0g1 - p
op(g1,82)

2. When 81 <82, ag2

<0if f>1 and

Op(g1,82)

<0if f<1.
0g2

We conclude from above cases 1 and 2 that p(g1, g2) is an
increasing function:

op(g1,82)

3. When 812827 ag
1

<0if f>1 and

op(g1,82) .
SPSLS2) g if B<1.
0gi o b

ap(gth)

4. When g1 > g5, og
2

>0if f>1 and

op(g1,82)

>0if f<1.
0g>

We conclude from above cases 3 and 4 that p(g1, g2) is an
decreasing function.

@ Springer

Therefore, we may conclude that Ag(T)<Ap(S) if
TCS.

(Ry).Ap(T) = Ag(T)".

We know that (T)° = {(yi, vz(yi), iy (y:))|yi € Y}.This
implies
terye ) = ve(i)s vy i) = pp (i)
We get from (24)
Ap(T) = Ap(T)". (31)

Therefore, Ag(T) is a valid intuitionistic fuzzy entropy
measure. (24) also satisfies the following additional
properties.

Theorem 4.2 For any two IFSs T and S satisfying T C S
orS C f, the following holds:

Ap(TUS) +Ag(T NS) = Ap(T) + Ag(S). (32)

Proof Suppose Y; and Y, are two parts of Y,
Yi={yeY:TCS},Y,={yecY:SCT}. (33)
We get forall y; € Yy and y; € V>,

pr (i) < pg(yi), v (i) 2 vg(vi);

(i) > g (i) v (vi) < vg(vi)-

From (32), (33) and (34) may be proved easily. [J

(34)

Corollary Let T € IFS(Y) and (T)° denote the complement
of T.
Ap(T) = Ap(T)" = Ap(T U (T)) = Ap(T N (T)).  (35)

Theorem 4.3 If T be a crisp set, then Ag(T) contains
minimum value and if T be most intuitionistic fuzzy set,
then Ag(T) has the maximum value. So, the maximum and
minimum values are independent.

5 Application of the proposed measure
in decision-making

The VIKOR method by Opricovic (1998) determines the
best alternatives on the basis of closeness of alternatives
with extreme solutions, i.e., positive along with negative
ideal solutions. On basis of intuitionistic fuzzy measure,
this section presents stepwise algorithm for the proposed
VIKOR method. Therefore, determination for justified
criteria weights are quite important. The importance of
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criteria weights divided in two weights, i.e., subjective and
objective weights.

5.1 Algorithm to determine criteria weights

Criteria weights play a deciding role in finding the solution
of multi-criteria decision-making (MCDM) problems.
Algorithm to determine the weights based on proposed
entropy:

1. A MCDM problem may be constituted by a m X n
matrix with m-rows representing alternatives
()| <i<,m and n—columns constituting criteria
(Qj)I; j;n. Consider the intuitionistic fuzzy decision
matrix specified by

01 Q2 - On
?1 dy dp ... di
@2 dry  dn ... dyy,
D = [dl_] ]m xn = . : . .. . s
(pm dml dm2 e dmn

(36)

where djj = (1, v);i=1,2,...,mand j =1,2,....n

2. In this step, by using (24), the intuitionistic fuzzy
entropy provided by D can be obtained as Fj;
j=12,..,n

The whole process of criteria weight evaluation is divided
into two parts as follows:

5.1.1 (a) In case the criteria weights are known partially

Practically, there are two constraints in criteria weight
determination. First, it is difficult to find an expert having
expertise in all fields, and second to hire the experts of all
fields is a costly affair. In fact, it is easy to extract their
views in forms other than precise numbers, for example,
linguistic variables, in the form of intervals, etc. In such
cases, partial details about criteria weights are available
with us. The whole details expressed by decision-makers
can be compiled by means of set denoted by W7. We use
the concept of minimum entropy proposed by Wang and
Wang (2012) to extract criteria weights from the set W7,

Entropy value of an alternative ¢, covering the criteria
0; is specified by:

ZFf‘ dy) (37)

where

1 m
=%
FTARTP I

((ar ) + rG0)) x (r ) + v )P + z‘*ﬁmyz))%
()" + )" )’

ey ) + e () ) 4 2078 ),
(38)

For the determining of optimal criteria weights, we con-
struct a linear programming model which is specified by

minF = iﬂ(%) = Z{Z G} (d }
i=1

m. n

DR

{ (((w(yl-))ﬂ + 1))

((Gar ™ + 00" x G (39) + v 2)

) x (ur (i) +vr()) P + 217/{7TT()"))/3

B
)

(39)
which fulfills 27:1 G=1¢¢ WT. On solving (39), the
criteria weights vector is stated by arg min
F= (Cla CZa ey Cn) .

5.1.2 (b) In case the criteria weights are unknown

In the case where the criteria weights are unknown, we
employ the procedure introduced by Chen and Li (2010) as
follows:

1—F;
g'zinj;jzlvzv"wn? 40
Ton— Ej:l Fj (40)
where
Fj I(dij)
/)) — T Zlag
() + 0100 x () +v2 00 + 21 P 3
(((Hr(yi))ﬁfl + rO)F) x () +vr () ) 4 2"”’1717(%))/5

(41)

5.2 VIKOR method

In the VIKOR method, multi-criteria decision-making
(MCDM) problems are solved by setting the IFSs. This
introduces a new criteria weight method by subjective and
objective weights. On the basis of correlation coefficients,
this section presents a stepwise algorithm for the proposed
IF-VIKOR method. For a multi-criteria decision-making
(MCDM) problem with an m alternatives
@;(i=1,2,...,m), let the decision-makers be FY;(j =
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1,2, ...,n) which are decided to the best alternatives. Each
n-decision-makers has a weight w;(j = 1,2, ..., n), satisfy-
ing 377, ; = 1. The proposed VIKOR method is sum-
marized in following steps.

5.2.1 (a) Construction of IF decision matrix

Compile the information obtained by decision-makers FY”
by means of intuitionistic Fuzzy decision matrix. Let df} be
IFN given by pth decision-makers. The entries of the
matrix are the IFNs, that is dj; = (g, V};) which can be
computed as below:

dp*Zw,,

k ,

_ < [T ()™
- k , k mp ) 7Tk [on k

TLom ()™ + TTpmy (1 = ) TTmy ) + T,y

where i = 1,2, ...,

[T, (04)” )

(1 _ "';-)wﬂ
mandj=1,2,..,n
(42)

5.2.2 (b) Normalized the IF decision matrix

Let (¢;) be a intuitionistic decision matrix which is nor-
malized by the proposed method of Xu and Hu (2010) as
follows:

Y++ dz
iy = ij++ f,). (43)

5.2.3 (c) Determination of subjective weights

Let { = (4,
FYP. Therefore, we calculate IF weights ({;) for different
criteria by using the operator SIFWA:

vf ) be the weight given by decision-makers

k
G =SIFWA(LL & 0) =D 0
p=1
k W),
[T ()"

k P C
B ( I, )™
- k P\, k
[ ()™ + 1T (1 =

L)+ T (1 -

)

(44)

1) Tl

where {; = (p;,v),j = 1,2,...,n
5.2.4 (d) Normalize the subjective weights

We obtained the subjective weights (Li et al. 2015; Boran
et al. 2011) by normalizing the weight ((7), satisfying

Y G =1
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7 _ Wit (" i")
(o) +

where 7; =1 — j; — v;.

5.2.5 (e) Determination of objective weights

To calculate the objective weights Cf described in (5.1

(a),(b)).
5.2.6 (f) Determine the solutions and cost criteria

We define the relative intuitionistic fuzzy best solution

Y++ (uit vt

WY ) and the relative intuitionistic fuzzy

worst solution Y; ™ = (g7, v; ") as follows:
max; d;, for benefit criteria

Y= W o (46)
min; d;,  for cost criteria;

and

o min; d;j, for benefit criteria

Y= L. (47)

max; dij,  for cost criteria.

5.2.7 (g) Calculation of T; and R;

Let us find the values of T;,R; and Q; , i=1,2,....m
where T; is a group utility value, R; is a individual regret
value and Q; is compromise value:

n n

T, =0 G+ (1 -0 => wit, (48)
j=1 J=1

R; =max(w;t;), (49)

where w; = 37 (@CZ (1-— )Cb) is the amalgamation
of subjective and objective weights and ® presents the
relation between subjective and objective weights which
lies between 0 and 1 ,i.e., ® € [0,1] and ® = 0.5.

5.2.8 (h) Determination of VIKOR index (Q))

T, — T~

B 50
T+_T__+ (50)

0 =
where W and (1 — V) represent the weights for 7; and R;.
We put the value of ¥ = 0.5. We take in (4.17) T*+ =
max T; , T~ = min T; ,R™ = max R; and R~ = min R;.
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5.2.9 (i) The values of T;,R; and Q; are arranged
in ascending order

Then we rank the alternatives. The alternatives satisfy the
following conditions:

C1 (acceptable advantage) If Q(T2 — Yl) > L where

n—1’
Y! and Y? are first and second ranked alternatives in Y;
column.

C2 (acceptable stability) The alternative Y' should also
be ranked first in R; and 7; columns.

The alternative Y; will be the most desirable one if both
the conditions are concurrently satisfied. If both the con-
ditions are not satisfied simultaneously, then we proceed
for compromise solutions as follows:

1. If the condition C2 is not satisfied then (Y', Y?) is the
set of compromise solution.

2. If the condition C1 is not satisfied then the set
(Y',YZ, ..., YM) constitutes the compromise solution,
where Y™ is defined by

0M) — oY) < 1 (51

The number n in (51) denotes the total number of criteria

and the number M represents the maximum of ranks of the

alternatives in column Q; satisfying (51).

The step-by-step procedure of the proposed VIKOR
method is demonstrated with the help of Fig. 1. After the
compilation of information by different experts, we con-
structed the IF decision matrix using Eq. (42). In the next
step, we normalized the IF decision matrix with the help of
Eq. (43). In the following steps, we determined the criteria
weights and extreme solutions with the help of Eqgs. (44)-
(47). After that VIKOR index is to be determined with the
help of group utility and individual regret value using
Eq. (50). In the final step, ranking has been given to the
different alternatives.

6 Numerical example

Now, we solved the problem with application of multi-
criteria decision-making (MCDM) VIKOR method.

6.1 Approach 1: in case criteria weights are
known partially

The manufacturers of laptops want to hire potential sup-
pliers for supply of parts. They receive five options, say
@;(i=1,2,3,4,5). The most appropriate supplier com-
pany has hired five experts, say FY;(i = 1,2,3,4,5). The
council of company has fixed five criteria given by

Functionality (&), Reliability (&,), Customer Satisfaction
(53)’ Quality (64)’ Cost (55)

In Tables 1 and 2, we express the alternative for rating
and criteria weights in the form of linguistic terms using
IFNs. Here it is to be noted that on the basis of historical
data and/or a questionnaire responded by experts of con-
cerned domain, IFNs could be defined. The experts dis-
played our assessment and important criteria weights are
shown in Tables 3 and 4.

Step 1: Intuitionistic fuzzy decision matrix obtained by
Eq. 42 is depicted in Table 5.

Step 2: The subjective criteria weights calculated by
Eq. 44 are depicted in Table 6.

Step 3: In this step, we normalized the subjective criteria
weights with the help of Eq. 45 given in Table 7.

Step 4: In order to compute the values of objective
weights let us consider the set of information with weights
denoted by:

M ={0.15<,<0.30,0.20 < {, < 0.45,0.25

52
<3<0.50,0.10< {, <0.25,0.30 < {5 < 0.65}. (52)

The construction for objective weights in programming
model:

minF = 0.7104¢, + 0.5325(, + 0.5979¢; + 0.2518(,

+0.7127¢s;
0.15 < ¢ <0.30;
0.20 < ¢, <0.45;
0.25 < {53 <0.50;
= subject to

0.10< ¢, <0.25:
0.30 < {5 < 0.65:
AL+ G+HL+G =1

(53)

The criteria objective weight vector function is obtained by
solving the (53),

¢ = (0.15,0.20,0.25,0.10,0.30)" .

Step 5: Normalized intuitionistic Fuzzy decision matrix is
obtained by Eq. 43 which is depicted in Table 8.

Step 6: The values of T; ,R; , Q; for all alternatives are
calculated using Eqs. 48-50, where T; is the utility value,
R; is the individual regret and Q; is the VIKOR index.

Step 7: After that we have rated the values of 7, R and
Q which are calculated in Table 9 and depicted in
Table 10. First ranking is given to the alternative having
lower value among all the alternatives and so on.

Step 8: In this step, we have provided the preferential
sequences of alternatives on the basis of rating scale such
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Preparation of In

Determination of criteria v

Fig. 1 Graphical display of the proposed decision-making method

as corresponding to 7, ¢, has the lower rating, whereas ¢s
has the highest rating. In a similar fashion, we have given
the preference to the R and Q depending upon their cor-
responding values.

Analysis of Table 11 reveals that alternatives ¢s and ¢,
are, respectively, ranked first and second in column of Q;.
Also
0(p,) — O(ps) =0.0616 — 0 = 0.0616 < 5%1 =0.25.
Therefore, C1 is not satisfied. Moreover, the alternative @5
is also ranked first in columns of T and R, which means C2
is satisfied. @5 > ¢, > @, > @3 > @,; we obtain the best
alternative as @s.

6.2 Sensitive analysis
In this section, we have incorporated sensitive analysis to

show the behavior of compromise solution. We analyzed
that reliability and fuzzy information are affecting by

@ Springer

changing weight W. In this way compromise solution
becomes more versatile for practical purpose. We have
taken distinct values to show the impact of ¥ on com-
promise solution. The values achieved by changing the
weight W are as shown in Table 12. Ranking obtained is as
@5 > @1 > @y > o3 > @, After analyzing Table 12, it is
observed that same ranking sequence is obtained on dif-
ferent values of W. It shows that there is no effect of ¥ on
ranking sequence and consequently compromise solution
has considered all the linguistic information. Sensitivity
outcomes at the distinct values of ¥ are depicted by Fig. 2.

6.3 Approach 2: in case of unknown criteria
weights

In this section, we have to find the solution of the above
example in case of unknown criteria weights. The step-by-
step computational procedure are as follows:
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Step 1: Firstly, we have calculated the different values
of criteria weights corresponding to different alternatives
with the help of Eq. 40. The calculated values of criteria
weights are shown in Eq. 54:

¢, =0.1861,¢, = 0.1980, {3 = 0.2083, {, = 0.2222
and (s = 0.1854.
(54)

Step 2: After that we have calculated the positive (Y;")
and negative (Y;——) ideal solution using Egs. (46) and
(47). The computed values of positive (Y; ") and negative

(Yj——) ideal solution are depicted in Table 13.

Step 3: In this step, we have computed the values of 7; ,
R; and Q; using Egs. (48)-(50) corresponding to the dif-
ferent alternatives. The calculated values are demonstrated
in Table 14.

Step 4: Depending on the values of 7; , R; and Q;,
ranking was assigned to the different alternatives as shown
in Table 15.

Step 5: The preferential sequences of alternatives on the
basis of Table 14 are shown in Table 16.

Analysis of Table 16 shows that alternatives @5 and ¢,
are, respectively, ranked first and second in column of Q;.
Also
O(p;) — O(ps) =0.3990 — 0 = 0.3990 > ﬁ = 0.25.
Therefore, C1 is satisfied. Moreover, the alternative Qs 1s
also ranked first in columns of T and R, it means C2 is
satisfied. @5 > ¢@; > @, > @3 > @,, we obtain the best
alternative as ¢5. Therefore, the supplier represented by the
alternative @5 is the most preferred one.

6.3.1 Comparative analysis

To further explore the efficacy and execution of proposed
work, comparison has been carried out with same numer-
ical example with same presumptions and information of
weights. Radhika and Sammeer Kumar (2017) introduced a
MCDM method that provides ranking of available

Table 1 Alternatives for rating in terms of linguistic

Linguistic variables Intuitionistic fuzzy numbers

Very poor (VP) (0.20,0.75)
Poor (P) (0.15,0.85)
Moderately poor (MP) (0.25, 0.65)
Fair(F) (0.25,0.75)
Moderately good (MG) (0.75,0.20)
Good (G) (0.60,0.15)
Very good (VG) (0.10,0.90)

Table 2 Rating the criteria weights in terms of linguistic

Linguistic variables Intuitionistic fuzzy numbers

Very low (VL) (0.80,0.15)

Low (L) (0.60,0.25)

Medium low (ML) (0.40, 0.50)

Medium (M) (0.50,0.45)

High (H) (0.15,0.75)

Very high (VH) (0.05,0.90)

Table 3 Decision-maker’s output

Criteria ~ Decision-makers  Alternatives

X1 21 22 23 24 5
EY, F VG MG MP G
EY, MG VG G G G
EY; MG G MG F VG
EY, G G MG F VG
EYs G VG MP G F

X EY; MG G MG VG MG
EY, F F MG G VG
EY; F MG VG G MG
EY, G VG MG G VG
EYs MG G VG G MG

x EY, F F MG G VG
EY, G MG MG VG MG
EY; G MG MG VG MG
EYy G MG MG VG MG
EYs G VG MP G G

X4 EY, G G G G G
EY, F MG VG VG G
EY; G MG MG VG F
EY, F MG VG VG G
EYs G G G G G

X5 EY; MG VG G MG G
EY, G F F VG G
EY; MG VG G MG G
EY, G F F VG G
EYs MG VG G MG G

alternatives based on distance measure. However, Divsalar
(2017) presented VIKOR method as a qualitative multi
attribute group decision-making approach which is based
on extended hesitant fuzzy linguistic term (EHFLTS) dis-
tance measures. Victor (2017) presented a hybrid system
by combining FCM with VIKOR method which

is also based on distance measure, whereas Afful-Dadzie
(2014) proposed a fuzzy VIKOR frame to find the ranking
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Table 4 Importance weights for criteria

Table 9 The values of T, R and Q

Criteria Decision-makers Values ol 2 P3 P4 s
EY) EY, EY; EY, EYs T 1.0091 1.0174 1.0281 1.1412 1.0054
X VH VH VH H H R 0.3281 0.3298 0.3366 0.3763 0.3230
X H H M H H 0] 0.0616 0.1080 0.2112 1 0
X3 H MH H H MH
X4 H H M H H
Xs VH VH VH H H
Table 5 IF decision matrix
91 (%) 23 Q4 Qs

(0.4567, 0.1539)
(0.8768, 0.0145)
(0.6748, 0.0541)
(0.6754, 0.0654)
(0.5876, 0.0564)

(0.5764, 0.1360)
(0.7483, 0.1323)
(0.2365, 0.0112)
(0.8790, 0.0321)
(0.6643, 0.1055)
0.5979

(0.6878, 0.0645)
(0.7543, 0.0654)
(0.8761, 0.0065)
(0.6060, 0.2117)
(0.8033, 0.0201)
0.2518

(0.6378, 0.1530)
(0.6545, 0.0912)
(0.7634, 0.1134)
(0.5768, 0.2502)
(0.5716, 0.2300)
0.7127

@, (0.6349, 0.1530)

@,  (0.3654, 0.1276)

@3 (0.7345, 0.2021)

@4 (0.9870, 0.1132)

¢@s  (0.3654, 0.1276)

A; 0.7104 0.5325

Table 6 Subjective criteria
21 02

weights

23 Q4 95

(0.7230, 0.1422)

(0.6729, 0.0546)

(0.6407, 0.0600) (0.7579, 0.0426) (0.6445,0.1578)

Table 7 Normalized subjective criteria weights

Table 10 Rating for 7, R and Q

@ %) 23 Q4 Qs Values ? (%) ?3 Py ?s

0.1888 0.2090 0.2066 0.2140 0.1815 T 2 3 4 5 1
R 2 3 4 5 1
o] 2 3 4 5 1

Table 8 Normalized intuitionistic fuzzy decision matrix (¢;)

Alternatives 0 05 03 04 05

oy 1.0170 1 1.0177 1.0274 1.0171
@, 1 1.0533 1.0401 1.0508 1.0455
@3 0.9669 0.9982 1 1.0008 0.9910
[N 1.0451 1.0449 1.0420 1.0195 1

s 1 1.0452 1.0412 1.0504 0.9840

in fuzzy environment with the help of linguistic variables
to deal with uncertainty and subjectivity. We have pro-
posed a new entropy measures which is scale invariant for
complete probability distribution and proposed correlation
coefficient-based VIKOR approach for finding the ranking
and measuring the uncertainty in place of distance
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Table 11 Preferential sequences of alternatives

By T 05> Q1> Q) > Q3> @y
By R Ps > Q1> Py > P3 > Py
By Q O5> Q1> Py > Q3> @y

measure. From the exploration of Table 17, it is observed
that ranking order is different by different researchers, but
the optimal alternative is same which revealed that the
proposed method of this work has evident reliability in
intuitionistic fuzzy domain. But the strategy of proposed
work is more efficient among existing approaches and valid
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Table 12 Values of T}, R; and Q; obtained on changing weight ()

T v oy o 03 R s Ranking Compromise solution
1.0091 1.0174 1.0281 1.1412 1.0054 Ps > Q) > Py > Q3> @y Qs
R 0.3281 0.3298 0.3366 0.3763 0.3230 Ps > Q) > Py > Q3> @y Qs
0 0.0957 0.1276 0.2552 1.0000 0.0000 Ps > Q) > Py > Q3> @y Qs
0.1 0.0888 0.1237 0.2464 1.0000 0.0000 Qs> Q1 > 0y > Q3> @y Qs
0.2 0.0820 0.1197 0.2376 1.0000 0.0000 Ps > Q> Py > Q3 > @y Qs
0.3 0.0752 0.1158 0.2288 1.0000 0.0000 Q5> Q1 > Py > Q3> @y Qs
0.4 0.0683 0.1119 0.2200 1.0000 0.0000 Ps > Q> Py > Q3> @y Qs
Q 0.5 0.0616 0.1080 0.2112 1.0000 0.0000 Ps > Q> Py > Q3> @y Qs
0.6 0.0546 0.1041 0.2024 1.0000 0.0000 Ps > Q) > Py > Q3> @y Qs
0.7 0.0478 0.1001 0.1936 1.0000 0.0000 Ps > Q) > Py > Q3> @y Qs
0.8 0.0409 0.0962 0.1848 1.0000 0.0000 Ps > Q) > Py > Q3> @y s
0.9 0.0341 0.0923 0.1760 1.0000 0.0000 Qs> Q1 > @y > Q3> @y Qs
1 0.0272 0.0884 0.1672 1.0000 0.0000 Ps > Q> Py > Q3 > @y Qs
Table 13 Positive ideal and
negative ideal solution & & o 2 %
Yj.** (0.9870,0.1132)  (0.8768,0.0145)  (0.8790,0.0321)  (0.8761,0.0065) (0.7634,0.0912)
A (0.3654,0.2021)  (0.4567,0.1539)  (0.2365,0.1360)  (0.6060, 0.2117)  (0.5716,0.2502)
Table 14 The values of 7, R and Q
Values P1 ) P3 Ps Ps
T 1.1019 1.1102 1.1948 1.2028 1.0921 9=09 _— PP
R 0.6504 0.7736 0.8728 0.9878 0.2304 — Alternatives
0 0.3990 0.4003 0.4844 0.5090 0

Table 15 Rating For T, R and Q

Values ¢1 () ®3 on @5
T 2 3 4 5 1
R 2 3 4 5 1
0 2 3 4 5 1

Table 16 Preferential sequences of alternatives

By T O5 > Q1> Py > Q3> @y
By R D5 > Q1> Py > P3 > Py
By Q Qs> Q1> Py > Q3> @y

for different multi-criteria decision-making (MCDM)
problems.

Alternative3

e=08L— — p=03

m— Alternatived

= Alternatives

Fig. 2 Analysis of the ¥ to the outcomes of the alternatives

The proposed work can easily pursue the case where
information regarding weight is unknown or partially
known, whereas compared approaches cannot manage such
type of situations. The proposed work incorporates entropy
measures in addition to normalization of subjective and
objective weights to compute more consistent and reliable
information. Additionally, we have evaluated objective
weight vector by using mathematical model. The main
advantage of this work is that we have normalized the
decision matrix using correlation coefficient based on
VIKOR method. Secondly, the proposed work can provide
a adjustable technique to deal with MCDM problems,
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Table 17 Comparative results Methods

Ranking order

Method proposed by Radhika and Sammeer Kumar (2017)
Method proposed by Divsalar (2017)

Method proposed by Victor (2017)

Method proposed by Afful-Dadzie (2014)

Proposed method

Ps > Py > P > Q3 > Py
P5 > Q1> Qs> Py > P3
Ps > Q1 > Py > Qg > P3
P5s > Py > Q1 > Qg > P3
Ps > Q1> Py > P3 > Py

where information regarding weight is partially known or
fully unknown. Thus we can conclude that the outcomes of
proposed work is more practicable and straightforward for
ranking.

7 Conclusion

In this paper, we generalized entropy measure for intu-
itionistic fuzzy set which is called scale-invariant entropy
generalization of Shannon. Moreover, a novel multi-crite-
ria decision-making (MCDM) process using weighted
correlation coefficients-based VIKOR approach is intro-
duced. The working of the proposed decision-making
process is thoroughly interpreted with the help of two
numerical illustrations considering selection of the most
appropriate supplier with the help of ranking. The numer-
ical examples are discussed with two different approaches
about the evaluation of criteria weights. In the first
approach, we consider the case of partially known criteria
weights, whereas unknown criteria weights are discussed in
the second approach. The output of proposed multi-criteria
decision-making (MCDM) method is compared with other
well-known decision-making methods like the VIKOR
method. The proposed measure entropy IF can be elon-
gated to more general sets such as interval-valued intu-
itionistic Fuzzy sets, picture fuzzy set, Q-orthopair fuzzy
set, etc. Further, some of the most representative compu-
tational intelligence algorithms can be used to solve the
problems, like monarch butterfly optimization (MBO),
earthworm optimization algorithm (EWA), elephant herd-
ing optimization (EHO), month search (MS) algorithm.
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