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|. INTRODUCTION

Fuzzy set was put forward by Zadeh [34] in the year 1965.
This concept is successfully applied in different fields
because of its usefulness. Fuzzy set was generalized to
Intuitionistic fuzzy set (IFS) by Atanassov [1] in 1986 and
further to vague set by Gau and Buehrer [8] in 1993. Both
these sets are used to process imprecise or vague
information. The IFS characterizes the degrees of
belongingness and non-belongingness by membership and
non-membershipfunctions respectively. Fuzzy set was
further generalized to interval valued fuzzy sets (IVFS) by
Gorzalaczany [9] and Turksen [27] and interval valued
intuitionistic fuzzy sets (IVIFS) by Atanassov and Gargov
[2].

Many inventors have analyzed IVFSs and its compatible
topics, for example, Burillo and Bustince [4-6] explored
entropy and distance for IVFSs, Grzegorzewski [10]
exercised distance between IVFSsbased on the Hausdorff
metric, Cheng and Li [18-19] studied the relationship
between entropy and similarity measure of IVFSs.

Similarity measure and distance measure serve as a tool to
solve practical applications. Both these measures, being
counter parts of IFS, symbolize two expressions of the
same measure. The similarity measure estimates the
degree of similarity and hence the distance measure
between IFSs. Hence similarity measures between two
fuzzy sets have been defined by many authors [13-15],
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[18-20], [28]. Xu and Chen [31] have given a complete
overview of the distance and similarity measures of IFSs
and suggested additional continuous distance and
similarity measures for IFSs.

Atanassov and Szmidt and Kacprzyk [24-26] have used
Hamming distance and the Euclidean distance in various
methods to calculate the distance between IFSs. Xu and
Yager [32] recommended an improved degree of similarity
between IFSs which is based on the method of Szmidt and
Kacprzyk.

Hwang and Yoon [16] introduced TOPSIS method which
is often used in multiple criteria decision making (MCDM)
problem. Now extensive research involving TOPSIS
theory and its applications is in progress. An algorithmic
TOPSIS method for MCDM problem with interval data
was developed by Jahanshaloo [17].

The approach of this paper is coordinated as follows: The
definition of IFSs, IVIFSs, properties of distance measure
and similarity measure, comparable, comparable by
vagueness, comparable by impreciseness are briefly
introduced in section 2. In section 3, new distance measure
for IVIFS is introduced and analyzed. In section 4, new
similarity measure for IVIFS is introduced and
categorized. In section 5, the proposed method is studied
by giving illustrative examples and is summarized by their
counter intuitive examples. In section 6, a new ranking
principle is established using the proposed similarity
measure and applied in application problems by giving a
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numerical example. In section 7, conclusion and future
scope are given.

I1. PRELIMINARIES
A short review of preliminaries is given below.

Definition 2.1 [1]: An IFSA of a non empty set X is
defined as A = {(x, pa(x),9,(x))/xe X} where py: X -
[0,1] and 9,: X — [0, 1] define the degree of membership
u,(x) and degree of non-membership 9,(x) of x in X to
liein A4, suchthat, 0 < p, (x) + 9,4(x) < 1.

Definition 2.2 [2]: An IVIFS on a nonempty set X is
defined as A = {(x, uA(x),ﬁA(x)): x € X},

where p4(x) = [pa(x), 1, (x)] and

94(x) = [U4 (x),9,(x)] are closed sub-intervals of [0,1]
which satisfy the condition 0 < 7z, (x) + 9,(x) < 1.

The collection of all IVIFS on X is denoted by IVIFS(X).
An IVIFS on singleton set is called IVIF Number. The
collection of all IVIF Numbers is denoted by IVIEN.
Definition 2.3 [22]: Two IVIFNs,

A= ([#al '#bl]' [Vcl,le]) and B =

([#a, » 6, ), [Ve, » va, ], are said to be comparable, 4 <, B,
if g, < Hay My, < Upyr Ve, 2 Ve, aNd Vg, = vy,
Definition 2.4 [23]: Two IVIFNs,

A= ([ua, v, ), [Ve, va, ) and B =

([tay - b, ], [Ve, » va, ] are said to be comparable by
vagueness, A <, B, if uy, < pa,, tp, < Moy Ve, < Ve, and
Va, S Vq,-

Definition 2.5 [23]: Two IVIFNs,

A= ([Ha1 uub1]' [Vcl'le]) and B =

([tay - b, ], [Ve,  va, ], are said to be comparable by
impreciseness A <; B, if ug, < fa,, o, < Hp,s Ve, <
Ve, and vg, < vg,.

Distance is a measure of the difference between two
elements of a set. In the case of IVIFSs, the distance
between two elements must satisfy the following axioms.

Definition 2.6 [31]: A mapping D:IVIFS(X) %
IVIFS(X)—[0,1] is called the distance measure
on IVIFS(X) if: For any 4, B, C e IVIFS(X)

(D1).0 < D(4,B) < 1.
(D2). D(4,B) = 0ifand only if A = B.
(D3). D(4,B) = D(B, A).

(D4). If A<, B<,C, then D(4,B)<D(4,C) and
D(B,0) < D(4,0).

(D5). D(4,C) < D(A4,B) + D(B,0).
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The similarity measure is viewed as a complementary
concept of distance measure which is defined as follows.

Definition 2.7 [31]: A function S:IVIFS(X) X
IVIFS(X)—[0,1] is called the similarity measure
on IVIFS(X) if: For any 4, B, C e IVIFS(X)

(S1).0<S(4,B) < 1.
(S2). S(A,B) = 1ifand only if 4 = B.

(S3). S(4,B) = 5(B, 4).

Definition 2.8 [1]: Let A = ([uq, »#p, ), [Ve,,va,]) and
B = ([ua, v, |, [Ve,» va,] € IVIFN.Now, AnB, AuB
and A€ are defined by

. <[min{ua1.#az}, min{#bl'#bz}])

AnB =
[max{vcl B VCZ } ) maX{le, de }]

)

UB = <[max{ua1'uaz}' max{”bﬂ'ubz}]')
[min{v,, , v, }, min{vg ,v4,}]

A = ([ve,,va, ) [y 6, ])-

Definition 2.9 [3]: Let A = ([uq,, b, ], [Ve,» va,]) and
B = ([ttay - v, |, [Ve, » Va, | be two IVIFNs. Then, A + B =
([, + Hay = Baytays o, + Hp, —

'ubvubz]’ [VC1 Ve, vd1vdz])'

Definition 2.10 [30]: The score function S of IVIFN A =
([:uai :ub]l [VCJ Vd]) IS glven by S(A) = (Ha + l’lb - VC -
Va)/2.

Definition 2.11 [30]: An accuracy function H of
IVIFN A = ([ug, 1y, [ve, v4]) is expressed by H(A) =
(.ua + Up + Ve + Vd)/z-

Definition 2.12 [33]: A novel accuracy function Mof
IVIFN A = ([ug, 1y, [ve, v4]) is expressed by M(A) =
Ha +Hp — 14 (ve +va)/2.

Definition 2.13 [22]: A general accuracy function LG of
IVIFN A = ([ug, 1y, [ve, v4]), is expressed by LG(A) =
((ug +up)A =8 +86R2 —v,—vy))/2, where § €

[0, 1]. We note that if § = %,LG(A) = 14 HathpVeTVa _

2 2
~+5(d).

Definition 2.14 [31]: Let A;(j = 1,2, ...,n) € IVIFS(X).
The weighted arithmetic average operator
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F (AI,AZ, ..., 4;) and weighted geometric operator
G, (A4, A,, ..., A,) are defined by F, (A4, 45, ..., A,) =

[ [r-n(i-u,)"]

- LenCenor]
\[H(yAJ-L(x)) ,H<ijU(x)> ]/

G,(A, A, ... Ay) =
[T (kaj, ™) T (14, G

[1—n(1—ijL<x)) ,1—n(1—yA,.ch>) ] |

w; is the weight of A;(j =1,2,..,n),w; €[0,1] and
> w; = 1. Especially, assume w; =1 /p (j = 1,2,...,p),
then F,, and G,, are called arithmetic average operator and
geometric operator for IVIFSs.

I11. ANEw DISTANCE MEASURE ON IVIEN

Definition 3.1: Amap D: IVIFN x IVIFN—[0,1]
between two IVIFNs A = ([pa, » o, | [Ve, - va, |) and

B = ([ttay » 1, |, [Ve,  Va, ] is defined by
D(A,E’) — ( ua1;#a2 + Upy— #bz )(1 )

a ( Ydy “Vd, ) , where a [0, 1].

2
Proposition 3.1:D: IVIFN x IVIFN—[0,1] is a distance
measure

Vey Ve,
2

+

Proof: The conditions in definition 2.6, (D1), (D2), (D3)
and (D4), are obvious. Let us prove (D5). Now D(4,C) =
( Hay—Hagz + |/"b1_ﬂb3 +

2 2
le—vd3
)

Haq—Hay
< (3
|ub2 Ub3

a(

Proposition 3.2: If 4 = ([, , s, ], [vcl,vdl]) B =
[.Ual — &y Mp, T 32], [Vc1 +€3,Vq, — &4), [.UaL1 -
s, Up, + 56], [Ve, — €7,Vq, + es]eIVIFN, g =0, then
D(A,B) = ((&; + & )(1 — @) + a(es + £,))/2 and
D(4,C) = ((es + &6 )(1 — @) + a(e; + £5))/2. (Itis
noted that A <, Band 4 <; ().

VCS

)(1—a)+a(L

2

Kby —Hby Hay—Hag

+ |5
)(1 a)+a(

Vd,~Vds
2

) 1-a)+ ( +
Vcl VCZ le—vdz

2 2 ) +
)=D(4,B) + D(B,C).

+

Ve, —Veg
2

_l_

Proposition 3.3: Let A, B,C e IVIFN, if A <, B <, C,
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Proposition 3.4: Let A = (pg,, v, Jand B = (g, Ve, ) be
two IFNs. Then D(4, B) = |uq, — ta,|(1 — @) +

(Z|VC1 - VCZ |

Proposition 3.5: Let A = [ug, , tp, ] and B = [ug, , iy, |
be two IVFNs. Then D(4,B) = (

|ﬂb1 Kby )(1 a)+a

+

Kby~ Hbl

Haq—Ha,
2

Hay— #al

+[

Proposition 3.6: Let A = Hq,and B= Hq, be two Fuzzy
numbers defined on singleton set. Then D(4, B) =
|.ua1 - .u-a2|(1 - (X) + al#az - :uall-

Proposition 3.7: Let A = ([uq, » s, ] [Ve, - va,]) @nd
B = ([tta, v, ], [Ve, va,] € IVIFN. Then

D(A U B,A) = |:|‘U.a1 — max{ﬂa1, ,uaz}l

2

+ |'ub1 - maX{,lel,[leH
2
|VC1 B min{vcl Ve, }|
2
|vd1 B min{vdl’vdz}l
2

(1—a)+a[

Proposition 3.8: Let A = ([, s, | [Ve,» Va,]) and
B = ([ta, 6, ), [Ve ,va,] € IVIFN. Then

2

+ |Hb1 B min{#bﬂubz}'
2
— max{vcl , VCZ }l
2
|Vd1 B max{vd1' de}l
2

D(A n E,AA) = [l'ual - min{:ualuuaz}l

l-—a)+a ['Vcl

Proposition 3.9: The distance between two crisp numbers
A = ([0,0],[1,1]) and

B =([1,1],[0,0]) is obtained as one (D(4,B)=1),
which supports our existing crisp set theory.

Proposition 3.10: Let 4, B be two IVIFNs, if A <,
then (i). D(A U B, A) = D(4, B), (ii). D(A U B, B) 0
and (iii). D(An B,B) = D(4,B).

Proof: Since A<, Bwehave AUB=Band AnB=A4
and hence the proposition.

then D(A,C) = D(A,B) + D(B, ). Proposition 3.11: When A <, Bor A <; B, then D(A U
B,A) = (|””1 Kbz )(1 a)+a(M)andD(Au
B,B) = ( oy~ Pay ”“2 ) l-a)+a ( % ) and hence
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Proposition 3.12: When A <, Bor A <; B, then D(A n
B.4)=( Ja-a) +a )D(4n

A #b Vd;~Vd
B,B) = (|"222)) (1 - @) + o (|22
D(AnB,A) s D(A,B)and D(An B,B) < D(4,B).

#al_#az

Ve —Vey
2

) and hence

Proposition 3.13: Let A, B be two IVIFNs. If A <; B,
then  D(ANB,B)=D(A4B) (since An

([“al'/‘bl]' [Vcl ) Vd1]) = A).

1
B

Proposition 3.14: Let 4, B,C,D € IVIFNs and Let
A= (et b [ v, )

= ([I'laz'ﬂbz]' [vcz’vdz])’ ¢= (['ua3’l‘lb3]’ [VC3’vd3])’
= ([tay to,): [Ve, va,])- ThenD(A + C,B + D) <
D(4,B) +D(C,D).

o) o

Proof: Let4,B,C,D € IVIFNs. D(A+ C,B + D) =

[ltay + Bag = Haytay = Hay = Hay + Hagtay] +

|tn, + oy = oy = oy — o + oy, || (55) +
(g) [|vc1 Ve, = Ve, Ve, | + |vd1vd3 - vdzvd4|] =

(|(”a1 - n“az)(l - ,ua3) + (”113 - ua4)(1 -} Maz)' +
(e, = 15, ) (1 = ;) + (tpy — 16, ) (1 = 15,)|) (I_Ta) +
(%) (Ives ey = ey )+ Vey (vey, = Ve )+ [y (v, -
Va,) +Va, (Vay = Va,)|) < (|(ka, — #ay) (1 = pay)| +
(a5 = 10, ) (X = tay) [ + | (o, — 16, )(2 = )| +
|ty = 15,) (1 = 15,)]) (1_7&) + (%) (Jvey (e, —ve, )| +
Ve, (vey = ve )| + [vay (va, — va,)| + [va,(va, =

va,)|) <
( Hal:laz

le —de
2

by —Hb, +

+[

c1 " Vey
2

)(1 —a) +a( ?
)= D(A,B) +D(C,D).

Proposition 3.15: Let A, B,C € IVIFNs and Let A =
([uaﬂﬂulh]’ [vcl ’ Vd1])’

B = ([’uaz"ubz]' [vcz ,de]),

C= ([ua3,ub3], [vc3,vd3]).Then D(A +C,B+ C) <
D(4,B).

Proof: By putting D = C in Proposition (3.14), we have,
D(A+C B+C)<D(4B).

Proposition 3.16: Let A € IVIFN. Then (i). D[0, 4] =
LG(4), (ii). D[1,4] = 1 — LG(A). Hence, D[0, 4] +
D[1, 4] = 1.

Proposition 3.17: Let A = ([pa,, iy, |, [Ve,  va,]) €
IVIFN. Then D(4,4°) = (lua, — Ve, | + lin, — va, 1)/2.
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IV. A New Similarity Measure on IVIF
Sets

Definition 4.1: Amap S: IVIFN x IVIFN—[0,1]
between two IVIFNs, A = ([ua,, s, ), [Ve,  va,]), B =
([tay> 16, ), [ve,  Va,]) is defined as S,(4,B) = 1 —
D(4,B).

Proposition 4.1: The proposed map is a similarity
measure on [VIFN.

Proof: The conditions (S1), (S2) and (S3) are obvious. Let
us prove (S4). Since, A<, B <;C, we know that,
D(4,B) < D(4,C), implies that, 1-D(4,B)>1-
D(A,C). Hence, S,(4,B)= S,(4,C) and similarly,
Sp(B,C) = S,(4,0).

Proposition 4.2: Let A,B,C € IVIFNs. IfA <, B <, C,
then S,(4,C) = S,(4,B) + 5,(B, ).

Proposition 4.3: The similarity measure between two
crisp numbers A = ([0,0],[1,1]),B = ([1,1],[0,0]) is
obtained as zero (S(4,B)=0), which supports our
existing crisp set theory.

Proposition 4.4: Let A, B be two IVIFNs. If A <, B, then
S,(Au B,A)=S,(4,B), S,(AuB,B) =1, also,
S,(AnB,B) =S,(4,B), (A<, B implies that AuB =
B).

Proposition 4.5: Let 4, B be two IVIFNs. If A <, B or
A <3 B, then S,(AuB,A)>5S,(4,B) and S,(Au
B,B) = s,(4,B).

Proposition 4.6: Let A, B be two IVIFNs. If A<, B or
A<;B, then S,(AnB,A)>S,(4B) and S,(An
B,B)=5s,(4,B).

Proposition 4.7: Let 4, B be two IVIFNs. If A <, B, then
S,(AuB,A)+S,(AnB,B) =5,(4B).

Proposition 4.8: Let A,B,C,D € IVIFNs and Let

A= ([Hal’ Hbl]' [Vcl'vdl]);

= ([tay ;] [Ve, 1 va, ) € = ([Hay t165) [Ves » vas])s
= ([tay tv,): [Ve,  va,])- Then, S,(A+ C,B + D) >
S,(4,B) +5,(C,D).

o

Proposition 4.9: Let A,B,C € IVIFNs and Let A =

([,Llal, Hb1]' [VC1 ,le]),
B = (['uaz"ubz]’ [vcz ,de]), C= ([#a3'#b3]' [VC3 ’vd3])'
ThenS,(A+C,B+C) =5,(4B).
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Proposition 4.10: Let A € IVIFN,
(i). S,[0,4] =1 —-LG(A) (ii). S,[1,4] = LG(A). Hence,
S,[0,4] + S,[1, 4] = 1.

Proposition 4.11: Let A = ([pa,, o, |, [Ve, » va,]) be two
IVIFNs. Now S, (4,A°) = 1 — (luq, — v, | + l1p, —
Vi, D/2.

Definition 4.2: Let X = {x;|i = 1,2, ...,n} and let
A = (g, ([, (), tay ()], [9a, (%), 9a, (x)]D } and
B= {xi ([, (), up, (X)), [ﬁBL(xi)rﬁBU(xi)])} be two
IVIFS(X).Then S(4, B) = 1 - 23, (|Maeceteonts
|#AU(X1)2#BU(XJ ) d-a)+a (|‘9AL(XL)2193L(XL)

), where ae{0,1] = 1 - 2 X, D(4;, By),

|19Au(xi)—193U(xi)
where A; and B; are IVIFNs defined on {x;}.

+

+

2

V. Significance of the proposed method

In this section, the significance of the proposed method is
shown by comparing with existing methods through
numerical examples and the given method is validated
through numerical examples in pattern recognition
problem.

5.1. Drawbacks of existing similarity
measures

5.1.1. Drawbacks of similarity measures Chen [7], Li
and Cheng [18] and Hong and Kim [11]

Let A = {x;,(ua(x;),94(x;))} and

B = {x;,(ug(x;),95(x;))} be two IVIFS(X).

The similarity measures of (1). Chen- S¢(4, B), (2). Li and
Cheng- Sp¢(4, B) and (3). Hong and Kim- S, (4, B) given

by SC(A B) —1_ n |5;;(xi)2—nsg(xi)

ua(x) = 94(x), Sp(x) = pp(x;) = 95(x). Spc(4,B) =
1— \[Z (PA(XI) (PB(XI)

, where Sz(x;) =

, Where p is a parameter and

(x )+1 Ia(xi) ugx)+1-95(x;)
(pﬁ(xi)=uAl - Al,(PE(xi)= B\ . BL.
A A ()= s ()= (9 () == (x;
SH(A,B) =1— n_1 |(/'LA(X1) /'LB(XL))zn( A(xl) B(xl)) ,are

not reliable whenever p;(x;) = 9z(x;) and ug(x;) =
95 (x;) because S¢(4,B) = 1, Spc(4,B) = 1,5,(4,B
1 and hence A = B. But the proposed measure S, (4, B
1= [lpaCx) = pup(e)I(1 — @) + alpz(x;) — pp(x)1] =
1 —|uz(x;) — us(x;)| # 1 which supports human
intuition. Hence A # B. The proposed similarity measure
is proved better than the above existing similarity
measures.

)
)
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5.1.2. Drawbacks of Hung and Yang [13]

The similarity measures Siy(4,B), S3y(4,B) and
Siy(A,B) in Hung and Yang are given by Siy(4,B) =

(e_dH( )_ )
e ,Siv(4,B) =
(1-dy(4,B)) A By
(1+d:(/i,§))’ where dH(A'B) = ; i=1max(|ﬂﬁ(xi) -

ug (x|, 192(x;) —95(x;)|). The above measures are not
reliable whenever A= (1,0), B = (0,0) since
Sty(A,B) = S2,(A,B) = S;y(4,B) =0. But, by the
proposed similarity measure, whenever, 4 = ([1, 1]{0, 0]),
B = ([0,0][0,0]), we have S,(4,B)=1—a, where
a € (0,1). Hence the proposed similarity measure is better
than the above existing similarity measures.

1- dH(A’B)' SI-ZIY(A'B) =

5.1.3. Drawbacks of similarity measures Hong and Kim
[11], Liang and Shi [19] and Mitchell [21]

The similarity measures of (1). Hong and Kim-S (4, B),
(2). Li and Shi-S? (4, B) and (3). Mitchell- S5 (4, B)
given by,
Su(4,B)=1-3~

(|#;(xi)—#§(xi)|+|19;,(Xi)—19g(xi)|)
2n !

p p
a A (xp)+@r(xp)
SP(A,B) =1 ‘J , P CO) e g, () =

() =1 (s 9+ (x:)—9= (x;
|#A(XL)2#B(XL)| (xi) — | A(xz)2 B(xz)l

Sus(4,B) =2 (pu(A,B) + ps (A, B)), where p,(4,B) =
\/Z J1aGe)-rg G| uB(xl>|

ps(4,B)=1- JELMP leads to anti-
intuitive result since whenever A = (1, 0),B = (0,0) and
€ = (0.5,0.5), we have, S, (4,B8) = 0.5 = 54(4, (),
SY(A,B) = 0.5 =SY(4,C) and Sy5(4,B) =05 =

Sus (A, C). But for the proposed similarity measure when
a €[0,0.5), Sp(4,B) > Sp(4, C) and when a € (0.5, 1],
Sp(4,B) < Sp(4,C). Only when a = 0.5, we have
Sp(4, B) = Sp(4, ). This supports our intuition. Further,
whenever A4 = (g, 2¢), B = (2¢, 3¢), € = (3¢, 4¢),
Su(4,B) =1 = 5,4(4,C), which is not reliable. But,
Sp(4,B) =1—¢€,Sp(4,C) = 1— 2¢. Thatis, Sp(4,B) =
Sp(A4, €) which supports our intuition.

5.1.4. Drawbacks of cosine similarity measure [29]

Definition [29]: Let X = {x;,x,,..,x,}. Let A=

(x;,A; = [aAi’bAi]' [CAi' dAi])‘ B=(x,B =

las, bs,) [cs;»ds,]),i = 1,2,...,n be two IVIFNs in

X = {x4,x,, ..., x,}. Then the weighted similarity measure

between two IVIFNs A and B is defined as S(4,B) =
n,w; S(A;, B)), where w; is the weight vector with
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0<w; <1 and Yw;=1. When w; = % S(4,B) =
1 A A
o i=1S(A;, By).
The cosine similarity measure C;zs(4, B) is given by
CIFS(A' B’) _ %Z?:l #A(xi)HB(xi)+19A(xi)ﬂB(xi)'

N N 1o

Let X = {x1,%p, .., X}, A = (x5, Ai[ua(x:), 92 ()],
B = (‘xi' AL[#A(xl)lﬁA(xl)])l i= 1|2| ey ML
(i). Clearly C;r5(4, B) cannot be determined whenever
either 4;or B; equals (0, 0). But S,, (4, B) is determinable

and is given by S,(4,8) =1 — [(%) 1-a)+

Ya,+94
@ (=572)]

(if).Whenever p;(x;) = 9z(x;) and ug(x;) = 9g(x;), we

n (V= (x: ~ ~
have, C;zs(4,B) = %M =1.Hence 4 = B,
’2#;,(%1) 2u5(x;)

which is not reliable. But S,(4,8) =1 — [l,ug(xi) -

s () =2+ L luax) — pup(e)l| = 1= luaC) —
ug(x;)| # 1, which supports human intuition. Hence,

A+ B.

(iii). Whenever, uz(x;) = 0 = ps(x;). Then Cips(4,B) =
1 implies that, A = B, which is anti-intuitive. Similar
result is obtained, when 94(x;) = 0 = 95(x;). But
S,(4,B) =1 —|9;(x;) —9s(x;)|a # 1. Hence A # B.
Whenever, 95(x;) = 0 = 95(x;), S,(4,B) =1 -
lwa(x;) — up(x)|(1 —a) # 1. Hence A # B.

(iv). Whenever, 4 = (0,1), B = (0,0). We have
Cirs(A, B) = 0. But the proposed measure S, (4,8) = 1 —
a, where a € (0,1). For all the above cases the proposed
similarity measure is proved better than the above existing
similarity measure.

5.2 Application of the Proposed Similarity

Measure to Pattern Recognition

Assume that three IFS on A = {x;,x,,x3} representing
three patterns which are given by

X, ={(0.4,0.4),(0.3,0.3),(0.2,0.2)},

X, ={(0.3,0.3),(0.3,0.3),(0.3,0.3)},

X5 = {(0.5,0.5),(0.5,0.5), (0.5,0.5)}.

Assume that a sample Y = {( 0.4,0.4), (0.3,0.3), (0.2,0.2)}
is to be identified.

Table 5.1: The similarity measure between the known
pattern and the unknown pattern in example (Patterns not
discriminated are in bold type) (Refer Page 12).

The similarity degrees of S(X,,Y), S(X,,Y) and S(X3,Y)
calculated for all similarity measure are shown in table 1.
The proposed similarity measure S,, can be calculated by
above example as:

S,(X1,Y) =1, 8,(X,,Y) = 0.93,5,(X;,Y) = 0.8.

It is clear that Y is equal to X;, which indicates that sample
Y is indistinguishable from X,. However, the similarity
degree of S(X;,Y), S(X,,Y) and S(X5,Y) are equal to each
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other when S, Sy, Spc, and C,r¢ are employed. These four
similarity measures will not be enough to discriminate the
difference between the three patterns. This means that the
proposed similarity measure is more applicable and useful.

V1. Ranking of Interval Valued Intuitionistic
Fuzzy Sets Using the Proposed Similarity
Measure by TOPSIS Method
In this section, the significance of the proposed distance
measure is illustrated by a numerical example using the
ranking in principle [16]. Here the performance of six
alternatives on four attributes is given by IVFDM which is
evaluated by TOPSIS method. The IVFDMD in step 1 is

given below: D =

v, v, /A v,

T,1[0.22,0.65] [0.43,0.51] [0.22,0.56] [0.23,0.41]]
7,1[0.28,0.59] [0.70,0.74] [0.26,0.58] [0.31,0.72]]
T,1[0.48,0.77] [0.50,0.54] [0.19,0.53] [0.11,0.66]
T,|[0.39,0.70] [0.64,0.77] [0.43,0.71] [0.44,0.76]
Ts|[0.37,0.44] [0.34,0.61] [0.37,0.65] [0.34,0.75]
Ts[0.25,0.66] [0.29,0.65] [0.30,0.72] [0.45,0.52]

The interval-valued fuzzy decision matrix D' in step 2 with
is given below (Refer Page 12).
Step3, In this case, Here we consider v,, v,, and v, as
benefit attributes and v, as cost attribute. Here, J; = {v,,
v,, v} and J, = {v3}. The interval-valued positive-ideal
solution and interval-valued negative ideal solution A*, A~
are found as:
- [(0.48,0.23,0.29)(0.70,0.23,0.07)
(0.19,0.47,0.34)(0.45,0.24,0.31)]
(0.22,0.56,0.22)(0.29, 0.49, 0.22)
(0.43,0.24,0.33)(0.11,0.59, 0.30) |’
Applying step4, the separation measure based on the
Distance measure and their normalized versions are
depicted in table 6.1.

The distance measure is,
,u,;li)(l —a)+ a(vAli - Vl?u)'

|

D(AB) = Zy(, -

Table 6.1

Distance measures for the numerical example

D(T,A") D(T,A™)
T, 0.78 — (0.02)«x 0.47 + (0.08)«x
T, 0.41 - (0.1« 0.84 + (0.03)«
Ts 0.54 — (0.21)a 0.71 + (0.13)«
T, 0.40 — (0.15)« 0.85+ (0.07)«a
Ts 0.76 — (0.14)« 0.49 + (0.06)x
Te 0.75 — (0.09)«x 0.50 + (0.0«

Separation measure based on the proposed distance
measure (IFS) D(T, A"):
D(Ty, A*) = 0.78 — (0.02)a > D(T3,A*) = 0.54 —
(0.21)a > D(T,, A*) = 0.41 — (0.11)a > D(T,, A*) =
0.40 — (0.15)a, for all a. But D(Ts, A*) = 0.76 —
(0.14)a < D(T4,A*) = 0.75 — (0.09)a provided
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[0,0.2) and D(T5, A*) = 0.76 — (0.14)a =

D(Tg, A") = 0.75 — (0.09)« provided « € [0.2,1].

Hence T,<T,<T3<Ts<Ty<T; wWhenever a«ac€
[002) and T,<T,<T;<Ts<Ts<T, whenever
a € [0.2,1] depending on the individuals intention toward
hesitation.

Separation measure based on the proposed distance
measure (IFS), D(T,A™):

D(T,, A7) = 0.85 + (0.07)a > D(T,,A”) = 0.84 +
(0.03)a > D(T5,A7) = 0.71 + (0.13)a, for all a. Also
D(Ts,A”) = 0.49 + (0.06)a < D(Ts,A™) = 0.50 +
(0.01)a provided « €[0,a") and D(Ts,A”) = 0.49 +
(0.06)a = D(Ts,A™) = 0.50 + (0.01)a for a € [a’,1]
where a’' =0.2. We also have D(T,A™) =047+
(0.08)a < D(T,,A”) = 0.50 + (0.01)a provided
a€[0,a”) and T, =047+ (0.08)a =T, =050+
(0.01)a provided a € [a", 1] where a" = 3/7.

Hence T,<T,<T3<Ty<Ts<T; whenever «ac€
[0,a), T,<T,<T;<Ts<Tg<T, whenever «a €
[@,a™) and T,<T,<T;<Ts<T; <T, whenever
a € [a",1] with o’ =0.2,a" = 3/7 depending on the
individuals intention toward hesitation.

6.1. Application of the Proposed Similarity
Measure in Multicriteria Fuzzy Decision-
Making (MCDM) Problem

A fuzzy MCDM problems with weights is given in this
section. Let the set of alternatives be X = {X;, X,, ..., X;,,}
and let the corresponding weights of the criteria

Ay Ay, . Abe wi,wy, .., Wy, , Where Z;-;l wj = 1.

Let the IVIFN

Xi = (X, [ (A7), 1o (A7) [y (A7) v (A7) D] 4; €
A}, where 0 < py,y(4;) < vxu(4)) < 1, ug(45) 2 0,
Yx(4;) 20, j=1,2,..,nandi = 1,2,..,m represent
the performance of alternative X;. The above IVIFNis
denoted by a;; = ([xi},vi;], [2ij, wi;]), where the
alternative X; satisfies the criterion A; with degree

[x:, v:;] and the alternative X; does not satisfy the
criterion A; at with degree [z;;, w;;] as given by the
decision maker. Therefore we can elicit a decision matrix
D = (a;;) . We obtain the aggregating IVIFN a; for
A(i=12...m)asa; = ([xp vl [z, wi]) =

Fp, (aiq, o, i) OF

a; = ([xp, yi), [z wi]) = Gy (@i, ., i) by applying
definition (2.14) to the decision matrix.

The similarity measures between 4;(i =1,2,...,m) and
UL, a; is calculated using definition 4.1 and proposition
4.5 and the alternative X; with higher similarity measure is
considered priority. If the similarity measures would be
equal, then they may be ranked for which the similarity
measure with U, a; is lower.
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6.1.1 Hlustrative Example

We have utilised the example from Herrera and Herrera-
Viedma [12] for a MCDM problem along with minor
corrections to demonstrate the application of the given
similarity measure in a realistic scenario, and to validate
its effectiveness. There is a panel with four possible
alternatives to invest the money: (1). V; is a motor firm;
(2). V, is a mobile firm; (3). V;is a Bike firm; (4). V, is
anelectronic firm. The investment company must take a
decision according to the following three criteria: (1). D is
the risk analysis; (2). D, is the growth analysis; (3). D; is
the environmental impact analysis. The four possible
alternatives are to be evaluated using the interval valued
intuitionistic fuzzy information by the decision maker
under the above three criteria as listed in the following
decision matrix. (Refer Page 12-Table-3)

Assuming the weights of D;,D, and D; as 0.35,0.25
and 0.40, we obtain the weighted geometric average value
a; for V;(i = 1,2, 3,4) using definition (2.14) as follows
a, = ([0.2297,0.4266], [0.3674, 0.4898]),

a, = ([0.5102,0.6581],[0.2416,0.3419]),

as; = ([0.5384,0.7335],[0.1000, 0.2263]),

a, = ([0.4181,0.6000],[0.2260,0.3618]).

By applying definition (2.8), we get U2, a; as U%; a; =
([0.5384, 0.7335],[0.1000, 0.2263]).

Now S(a; U2, @) (i = 1,2,3,4) isfound as

S(ay, UM @)= 1—-0.3078 (1 — @) — 0.26545a =
0.6922 + 0.04235«,
S(az, ViZ; @)
0.9482 — 0.0768«,
S(as U2, a)) = 1-0(1—a)—0a =1+ 0a,

S(ay, Uty a)) =1—-0.1269 (1 —a) —0.13075a =
0.8731 — 0.00385a. Here all alternatives are ranked in
accordance with the similarity measures with U2, a; as
follows V3 >V, >V, >V, for any value of a € [0,1].
We have,

a, = ([0.5102,0.6581],[0.2416,0.3419]) <,
([0.5384,0.7335],[0.1000,0.2263]) = a;. But by the
definition 2.12, we get V,>V,>V;>V, and by
definition 2.11, we get V, >V; >V, >V, which are
contradictions. This contradiction arises from the non-
applicability and illogicality.

=1-0.0518 (1 —a) — 0.1286a =

VI1. Conclusions and Future Scope
In this paper a new similarity measure between IVIFSs is
given and is applied. The new proposed similarity measure
has been verified by comparison with the existing
similarity measure in the illustrative examples. The
usefulness is shown by applying the proposed method in a
pattern recognition problem and in MCDM problems. In
near future, the distance measure can be developed to any
triangular, trapezoidal, IFNs or any two generalized IFNs
by using proposed method in this paper which will
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opening of new research in pattern recognition and
clustering by developing new algorithms.
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Table 5.1
Existing measure S(X.,Y) S(X,,Y) S(X3,Y)
NS4 = Sa(x) 1 1 1
Se=1- Z o
. Z |(aCe) — s () = Wa(x) — 95(x)| 1 1 1
B i | 2n |
N N 1 1 1
P ~ L) — ’y .
Spe=1— z ©a(x;) - @5(x;)
i=1
Sty =1—dy(4,B) 1 0.96 0.8
—an(AB) _ g-1 1 0.89 0.71
Shy = (e - ‘ )
(1-eM
o (1-du(4,B)) 1 0.87 0.67
(1 +dy(4,B))
Cooe = 1 30 waCx) ue () + 92(xi)95(x:) 1 1 1
IFS — TTI.
JHa + 8360 i) + 9500
The interval-valued fuzzy decision matrix D" in step 2:D =
Vi £ V3 7
T,1(0.22,0.35,0.43) (0.43,0.49,0.08) (0.22,0.44,0.34) (0.23,0.59,0.18)
T,|(0.28,0.41,0.31) (0.70,0.26,0.04) (0.26,0.42,0.32) (0.31,0.28,0.41)
T;|1(0.48,0.23,0.29) (0.50,0.46,0.04) (0.19,0.47,0.34) (0.11,0.34,0.55)
T,](0.39,0.30,0.31) (0.64,0.23,0.13) (0.43,0.29,0.28) (0.44,0.24,0.32) |
Ts | (0.37,0.56,0.07) (0.34,0.39,0.27) (0.37,0.35,0.28) (0.34,0.25,0.41) |
Ts1(0.25,0.34,0.41) (0.29,0.35,0.36) (0.30,0.28,0.42) (0.45,0.48,0.07)

Table 6.2: Decision Matrix

D, D, D,
Vi ([0.4,0.5],10.3,0.4]) ([0.4,0.6],[0.2,0.4]) ([0.1,0.3],[0.5,0.6])
v, ([0.6,0.7],10.2,0.3]) ([0.6,0.7],10.2,0.3]) ([04,0.6],[0.3,0.4])
Vs ([0.7,0.8],10.1,0.2]) ([0.6,0.7],10.1,0.3]) ([0-4,0.7],10.1,0.2])
v, ([0.3,0.6],[0.3,0.4]) ([0.5,0.6], [0.3,0.4]) ([0.5,0.6],[0.1,0.3])
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