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Abstract

Pythagorean fuzzy set (PFS), disposing the indeterminacy portrayed by membership and non-membership, is a more viable
and effective means to seize indeterminacy. Due to the defects of existing Pythagorean fuzzy similarity measures or distance
measures (cannot obey third or fourth axiom; have no power to differentiate positive and negative difference; have no power
to deal the division by zero problem), the major key of this paper is to explore the novel Pythagorean fuzzy distance measure
and similarity measure. Meanwhile, some interesting properties of distance measure and similarity measure are proved. Some
counterintuitive examples are presented to state their availability of similarity measure among PFSs.
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Introduction

Pythagorean fuzzy sets (PFSs) [2], initiatively introduced
by Yager, have regarded as an efficient tool to describe the
vagueness of the MADM issues. PFSs are also denoted by
the degrees of membership and nonmembership, which their
sum of squares is equal or less than one. In some special cases,
PFSs can deal with issues in which IFSs fail. For instance, if
a DM or expert presents the degree of nonmembership and
membership as 0.5 and 0.7, respectively, it is just efficacious
for the PFSs. That is to say, all the IFSs are a part of the
PFESs, which reveals that the PFSs are more forceful for solv-
ing the indeterminate issues. Zhang and Xu [3] presented the
particular mathematical language expression for PFSs and
defined notion of PFN. Besides, they continued to propose a
revised Pythagorean fuzzy TOPSIS (PF-TOPSIS) for deal-
ing with the MCDM issue with PFNs. Peng and Yang [4]
explored the subtraction and division operations for PFNs
and initiated a Pythagorean fuzzy SIR (PF-SIR) algorithm
to handle multi-criteria group decision-making (MCGDM)
issue. Moreover, some extension models [5-8] of PFSs are
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rapidly developed. Meanwhile, some research hotspots are
concentrated on the aggregation operators [9-22], decision-
making methods [3,23-31].

Similarity measure (distance measure) is a significant
means for measuring the uncertain information. The fuzzy
similarity measure (distance measure) is a measure that
depicts the closeness (difference) among fuzzy sets. Zhang
[33] proposed the Pythagorean fuzzy similarity measures for
dealing the multi-attribute decision-making problems. Peng
et al. [23] proposed the many new distance measures and
similarity measures for dealing the issues of pattern recogni-
tion, medical diagnosis and clustering analysis, and discussed
their transformation relations. Wei and Wei [32] presented
some Pythagorean fuzzy cosine function for dealing with
the decision-making problems. However, some existing sim-
ilarity measures/distance measures cannot the obey third or
fourth axiom, and also have no power to differentiate positive
difference and negative difference or deal with the division
by the zero problem. Due to the above counterintuitive phe-
nomena [32-34,36-46] of the existing similarity measures
of PFSs, they may be hard for DMs to choose convincible or
optimal alternatives. As a consequence, the goal of this paper
is to deal with the above issue by proposing a novel similar-
ity measure and distance measure for Pythagorean fuzzy set,
which can be without counterintuitive phenomena.

For counting the distance measure and similarity measure
of the two PFSs, we introduce a novel method to build the
distance measure and similarity measure which rely on four
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parameters, i.e., a, b, t and p, where p is the L, norm and
a, b, t identify the level of vagueness. Meanwhile, their rela-
tion with the similarity measures for PESs are discussed in
detail.

The rest of the presented paper is listed in the following.
In Sect. 2, the fundamental notions of PFSs and IFSs are
shortly retrospected, which will be employed in the analy-
sis in each section. In Sect. 3, some new distance measures
and similarity measures are proposed and proved. In Sect. 4,
some counterintuitive examples are given to show the effec-
tiveness of Pythagorean fuzzy similarity measure. The paper
is concluded in Sect. 5.

Preliminaries

In this section, we briefly review the fundamental concepts
related to IFS and PFS.

Definition 1 [1] Let X be a universe of discourse. An IFS [
in X is given by

I'={{x, ur(x), vi(x)) [ x € X}, ey

where iy : X — [0, 1] denotes the degree of membership
and vy : X — [0, 1] denotes the degree of nonmembership
of the element x € X to the set I, respectively, with the
condition that 0 < p;(x) + v;(x) < 1. The degree of inde-
terminacy 77 (x) = 1 — ;7 (x) — vy (x). For convenience, Xu
and Yager [35] called (7 (x), v/(x)) an intuitionistc fuzzy
number (IFN) denoted by i = (uy, vy).

Definition 2 [2] Let X be a universe of discourse. A PFS P
in X is given by

P ={(x, up(x),vp(x)) | x € X}, 2

where up : X — [0, 1] denotes the degree of membership
and vp : X — [0, 1] denotes the degree of nonmembership
of the element x € X to the set P, respectively, with the
condition that 0 < (up(x))?> + (vp(x))> < 1. The degree
of indeterminacy 7p(x) = v/1 — (up (x))2 — (vp(x))2. For
convenience, Zhang and Xu [3] called (up(x),vp(x)) a
Pythagorean fuzzy number (PFN) denoted by p = (up, vp).

Definition 3 [3] For any PFN p = (u, v), the score function
of p is defined as follows:

s(p) = pu* =7, 3)

where s(p) € [—1, 1].

Definition 4 [5] For any PFN p = (u, v), the accuracy func-
tion of p is defined as follows:

a(p) = pu* +v2, “4)

Lisllase cllad .
bes Shenas Q) Springer

where a(p) € [0, 1].

For any two PFNs p1, p2,
(1)if s(p1) > s(p2), then p1 > pa;
(2)if s(p1) = s(p2), then
(a) if a(p1) > a(p2), then py > p2;
() it a(p1) = a(p2), then p; ~ pa.

Definition 5 [3,4] If M, N € PFSs, then the operations can
be defined as follows:

(D) M€ = {{x, vy (x), up(x))|x € X};

@Q)MCN iff Vx € X, upy(x) < uy(x) and vys(x) >
vy (x);

BYM=N iff Vx e X, uy(x) = un(x) and vys(x) =
vy (x);

@ Py = {{x,1,0)|x € X};
() Bm = {{x,0, D) |x € X}

©) MON = {(x, 10110 A (o), var () V v ()
|x € X];

D MUN = [ (e, 1)V sy (o). v () A\ vy ()
|x € X};

B)M®N = {(x, \/u%/,(X) + 13 (x) = pd oud (),

v (X vy () |x € X};

O MQN = {(x,uM(X)MN(x),

Jr20 4030 — v v )l X};

30— ) .
(10)M e N = {(x, /“Wflju%v‘g)x ,y;'g;)pcex , if

par(x) = iy (), vy (x) < min {VN(X), %’(}M)m]

. a0 v 0)—3 () .
(11)M®N—{(x, M%(x)’ leulzv(:) )|x€X}, if

v () Z o (), g (6) < min {pu (x), £}

Definition 6 [34] Let M, N and O be three PFSs on X. A
distance measure D(M, N) is a mapping D : PFS(X) x
PFS(X) — [0, 1], possessing the following properties:

(D)0 =DM, N) < 1;

(D2) D(M,N) = D(N, M),

(D3) DIM,N) =0iff M = N,

(D4) D(M, M¢) = 1iff M is a crisp set;

(D5) If M C N C O,then D(M,N) < D(M, O) and
D(N, O) < DM, 0).

Definition 7 [34] Let M, N and O be three PFSs on X. A
similarity measure S(M, N) is a mapping S : PFS(X) X
PFS(X) — [0, 1], possessing the following properties:
SHO=SM,N)=1;
(82) S(M,N) = S(N, M),
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(S3) S(M,N) =1iff M = N;

(S4) S(M, M¢) = 0iff M is a crisp set;

(S5) If M C N C O, then S(M,0) < S(M, N) and
S(M, 0) < S(N, 0).

Distance measure and similarity measure of
PFSs

Theorem 1 Let M and N be two PFSs in X where X =
{x1,x2, - ,xn}, then D(M, N) is the distance measure
between two PFSs M and N in X.

and
[t 4+ 1 — b)Y (v3, () =V (x) =D (13, (xi) — % (6 )P = 0.

After solving, we can obtain

() = puy () = 0,03, (xi) — vy (x;) = 0, which
implies wp (x;) = un (x:), v (xi) = vy (x;).

Consequently, M = N.Hence D(M, N) =0iff M = N.

(D4 DM, M) =1 & {/5 S g (i) — v ()P =

L& g () = vyl = 1 & pu(x) = 1, vp(x) =0
or upy(x;) =0, vy (x;) =1 M is acrisp set.

1 n
DM, N) = \/m Do (|(r + 1= a)(uy (1) — iy (i) — a(vi; (xi) = v ()|

+ 1t 4+ 1= b)(2,(xi) — vE(x)) — b(u3,(x;) — /ﬁN(xiw) Q)

where p is the L, norm, and ¢, a and b denote the level of
uncertainty with the conditiona +b <t + 1,0 < a,b <
t+1,t>0.

Proof For two PFSs M and N, we have

(D) (14 1—a) (s (i) — gy (i) —a vy (i) = vy, (6) | =
(1 + 1 = @) (i (i) — avy, () = (( + 1 = @)y (xi) —
avy, (xi)l,

(141 = D) (v (i) = V3, (00)) = by (xi) — iy (x)) | =
(41 = b) (i (i) = bz (xi) = (1 + 1 = b)vy, (i) —
bujy (xi).

Since 0 < pp (xi), v (xi), vy (xi), v (x;) < 1, we can
have

—a < (t+1—a)plx) —avy(x) <t+1—a,
—(t+1—-a) < —((t + 1 = a)uy () —avy (x)) < a.

Therefore, we have —(r + 1) < (¢t + 1 — a)(u%,[(xi) —
avyy () = (1 + 1 = a)uq (x) —avy () <1+ 1.

It means that 0 < [(( + 1 — a)(u3, (x;) — avi, (xi) —
((t+ 1 —a)pu%, (x;) —avy ()P < (t + 1P,

Similarly, we can have 0 < [((t + 1 — b)(vi,;(x;) —
bityy (i) = ((t + 1 = D)y, (xi) — bug ()|? < (1 + DP.

Hence, by the above Eq. (5), we can obtain 0 <
D(M,N) < 1.

(D2) This is straightforward from Eq. (5).

(D3) Firstly, we suppose that M = N, which implies
that wy (x;) = py(x) and vy (x;) = vy(x;) for i =
1,2, -+, n. Thus, by Eq. (5), we can have D(M, N) = 0.

Conversely, assuming that D(M, N) = 0 for two PFSs M
and N, this implies that

(7 41— a) (i, (x) — % (x0)—a(wi, (x) —vy ()P = 0

(D5) According to the formula of the distance measure, we
have

D(M,N) =

1 n
'\’/W Do (G = @) (g, () = 1R () — a(vi, () = vy ()P +

i

I+ 1= b3, () = V3, () = b3, (i) — 113 (G )IP),
DM, 0) =

1 n
l\’/m D iy (L = @)y (i) = gy (i) = a vy () = v ()P +

I+ 1= b)Y (w2, () — v () — b(ud, (x) — 1% (x))IP).

Since | + 1 — a)(u3, (x;) — p3(xi)) — a(vy (x;) —
V)| = 1((F + 1 — a)(u3, (xi) — avy (x;) — ((t + 1 —
a)ps (xi) — avi (x)l,

[t + 1= b)(V3,(xi) — v (i) —b(u3, (x;) — u% ()] =
I((t + 1 — bYW, (x;) — b3, (x;) — ((t + 1 — b)v3, (x;) —
buk (i)l

|t +1—a)(u3, (xi) — 1% (xi) —a(vi, (x;) —v5 (x)] =
I(( + 1 — a)(u3,(xi) — avy(x) — ((t + 1 — a)u? (x;) —
av (x;)l,

|t +1=b)(v3,(xi) — v (x1) — b3, (xi) — uh (xi)] =
I((t + 1 = bY(W3,(x;) — b3, (x;) — ((t + 1 — b)v2 (x;) —
bu (xi)!.

IfM C N C O,wehave ug > un(x;) = up(xi), vo <
vy (x;) < vpr(x;).

Hence, (t+1—a)uﬁ,,(x,~)—av]2w(x,~) < (t—i—l—a)u?\,(xi)—
avk(xi) < (t + 1 —a)u? (x;) — avd (x),

(t+1—bw5x) —aph(x) < (t +1—bwi(x) —
apd (x;) < (t + 1= b2 (x;) — ap’, ().
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Consequently,

(1 + 1 = a)(uiy (xi) — aviy () — (0 + 1 — a)up (xi)
—avh )| < 1+ 1 — a)(udy (i) — avyy (x;)
—((t +1 = a)pd () — avy ()],
(2 + 1 = b)(vyy (xi) — budy (xi)
—((t + 1 = b)vy (xi) — by (x)
< (1 + 1= D)Wy () = by (x2)
—((t 41 = b2 (xi) — bub (x)].

Therefore, D(M, O) > D(N,O) and D(M,0O) >
D(M,N). O

However, in most real environment, the diverse sets may
possess diverse weights. Therefore, the weight w;(i =
1,2,...,n) of the alternative x; € X should be taken
into consideration. We present a weighted distance measure
DY (M, N) between PFSs in the following.

Furthermore, we can write the following inequality:

0=y wil+1—a)(uy (x) — uy(x:)
i=1

—a(}; () — v GIP < D wilr + 1P,

i=1

0 <Y wil(t+ 1= b)Yy (xi) — vy ()
i=1

—b(1hy () — gy CaDIP < Y wilt 4+ 1P,

i=1

n
It is easy to know that Y w;(r + 1)? is equal to (r + 1)?
i=1
since Y/ w; = 1.
Hence, 0 < Y1 wi|(t + 1 — @) (g, (xi) — puy (i) —
a(y (xi) = vy )P <t + 1P,

1

DE(M, N) = / I

[t + 1= D)3, (x;) — vE(x:) — b3, (xi) — u%v(xiw),

> w (m + 1= a)(uy () — uy () — a(vi; (xi) — vy, (i) [P+

(6)

wherea+b <t+1,0<a,b<t+1,t>0,and w; is the
weights of the element x; with >/, w; = 1.

Theorem2 DY (M, N) is the distance measure between two
PFSs M and N in X.

Proof (D1) If we obtain the product of the inequality defined
above with w;, then we can easily have

0 < wil(r + 1 — a)(udy () — uiy () — ahy (i) — vy Gi)IP < wi(r + DP,

0 < wil(r+ 1 = bYW () — v} (1)) — b3, (x) — pR G)IP < wi(t + 1P,

0 < Y0 wil(t+1=b) (v, (xi) —v3, (x;) —b(13, (x;) —
py @)IP < (t+ DP.

Hence, by Eq. (6), we can obtain 0 < D"(M, N) < 1.
(D2)—(D5) It is straightforward. O

Theorem3 If D(M, N) and D" (M, N) are distance mea-
sures between PFSs M and N, then S(IM,N) = 1 —
DM, N) and S”(M,N) = 1 — DY (M, N) are similarity
measures between M and N, respectively.

1

\

D3+ 1= a)(ud, () — pd (x0) — ah, () — vk ()P
i=1

+(t + 1= b)YW2,(x;) — V3 (x)) — b3, (x;) — u% (x)IP) 7

1

SYM,Ny=1-DM,N)=1-— ”m

D o wi| + 1= @), (x) — () — a(wi; (xi) — vk ()P +
i=1

(t 4+ 1 = b)Y (v3, (x;) — v (xi)) — b3, (x;) — w3 (xi)|P). ®)

P4
y
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Theorem 4 Let M and N be two PFSs, then we have

(1) DIM,M ® N) = D(N,M @& N);
(2)D(M,M & N) =D(N,M®N);
(3)SM,M®N)=SN,MSN);
4 SM, M&N)=S(N,MQN).

Proof We only prove the (1), and (2)—(2) can be proved in a
homologous way.

(1) According to Definition 5 and Eq. (5), and for
D(M, M ) N) with Vx; € X, we can have

(41— a) (g (i) — iy )y () — a(vy (x;)
— iy (i) + vy () — v () vy ()P
+1( +1 = b)(w3,(xi)
— (Wi () 4 v (x0) — v () VR ()
—b(p3 (xi) — 13 ek ()P
=t 41— a)(uy, (7)) — iy o) gy (i)
—a(v (x)vy () — v (k)|
(41— b) (v (x)vy (x)
—Vy (60)) = b(ugy (i) — gy () gy ()|

For D(N, M @ N) with Vx; € X, we can have

(41— a) (3 () — (U3, (x0)
iy (i) — iy (k) gy ()
—a(} (i) = v} )V} )P
(4 1= bYW (xi) — v (x)vd (x0))
—b(udy (x7) — (udy (i) + py (x7)
— g Gy )1

=[(t + 1 —a) (w3, ()% () — wa ()
—a(¥ (xi) — v )y ()P
I+ 1= D)3 () — v, v ()
—b (3 ()3 () — 3 ()P

= |(t + 1 —a) (U3, (xi) — 13 () ()
—a(v%,l(xi)vlzv(xi) - V12v(xi))|p
1t + 1 — b)Y (v3, (xi)va (xi)
03 (00) = by (i) — iy udy ())IP.

Consequently, we can obtain Di(M,M ® N) = D
(N,M & N). O

Theorem 5 Let M and N be two PFSs, and x; € X, /L}ZW (x;)+
/L%V(x,') =1, v,zw(xi) + vjzv(x,-) =1, then we have

(1) DIM,M @ N) = DN,N © M), um(xj) =<
MmN (X)), vy (xi) = v (x;);
2 DIM,\M © N) = D(N,N @ M), upy(x;) >

N (xi), vy (x) < vy (xi);

B)SM, Mo N)=SIN,NOM), up(x;) < un(x;),
v (xi) = v (xi);

4 SM, MO N)=S8S(N,NoM), upm(x;) > un(x;),
vp (xi) < vy (x;).

Proof We only prove (1), and (2)—(2) can be proved in a
homologous way.

(1) According to Definition 5 and Eq. (5), and for
D(M,M @ N) with Yx; € X, we can have

2 (4.
(1 41— )l () — L0,
wy (xi)
2 2 p
_ 2 N VM(xi)_VN(xi)
a (l)M(xl) 1 _ \)]2\/ (Xi) >

+

V2, (x;) — vﬁ(x»)

1= v ()

(t+1-b) (v,zw(x,») —

12,00\ |
iy (i)
na, () (1 — p%, (x)
iy ()
(vﬁ(x»(l - v,zw(x,»)))
—dad
1= vy ()
x)(1—v2,(x)
1= v ()
P

—b <uﬁ4 (xi) —

t+1—-a)

p

+

2
1)

w3 () (1= p% (x0)

—b
13 (xi)

For D(N, M & N) withVx; € X and ujzw(xi)+u/2\,(x,~) =
1, v3,(x;) + v (x;) = 1, we can have

w2 (x0) — 13, (x)
1—p3,(x)
P

v (x;)

v, (x;)

o0 =k |
1—p3,(x)

t+1-a (/EN(xl-)—

2
_ 208 vy (xi)
a (vN('xl) V,Zu(xi))

(t+1—b) (va(x,-)—

+

—b(u (x;)

w3, () (L — p3 (x0)
1—u2,(x)
)24

(t+1—a)

v () (1 = v3,(x:))
v, (x;)
W) 0 ), iy (1= g0 |

vjzw(x,-) 11— M%,I(xi)

+|¢t+1-b)
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Table 1 Existing similarity measures

Authors Similarity measure
i _ iy (s () =y (x0))? 4 (v (i) =i (5))?)
Li et al. [36] SL(M, N) = 1 -/ Zi= )
_ Yoot s (i) =g () — (v () — v (x0)]
Chen [37] Sc(M, N) = 1 — L=t v )ty (i) “vw
Chen and Chang [38] Scc(M, Ny = 1= 237 (luw (xi) — ey ()| x (1 — Tty

o I, (2) = e, (2)1dz) x (Faafznbay)

1, if z=pupm@x)=1-vy),
where /1y, (2) = % if z € [um(xi), 1 —vu(x)l,
0, otherwise.
Hung and Yang [39] Say1(M,N)=1-— ey max(luM(xi)_M',Vl(xi)l"VM(Xi)_UN(Xi)l),
Shya(M, Ny = S0 el g, (M, N) = St
Hong and Kim [40] Suxk(M,N)=1— Z;;l(‘HM(X:)—MN(;C;)\+|VM(«’C1')—UN()C:')D
Li and Cheng [41] Src(M, N)Zl—{/w!

where Yy (x;) = M»VIN(M) - w,and 1<p <o

Li and Xu [42] Six(M,N)=1— Soim remr (o) =g () = (e (6i) =iy ()| Ge) — e () |4 (i) —viy (i) )

4n

Liang and Shi [43] Spsi(M,N)=1— pf iy \¢u(§i)+¢u(xi)\ Spsa(M,N)=1— /iy |m(«:‘)+«7u(xi)|7

Spss(M, Ny =1— \r/Zi:l(m(x,')+3nj(xi)+n3(xl-))”’

where ¢, (x;) = w"pv(ﬂ) = Mi_wwa Pu(xi) = w,
v () = GOy () = B BEma OOl () = Stz
maga () = D=l tmu QoL Gy () = Lmon G imy Gl Ly () = LG o ()l
my(x;) = %ﬂvw’ n () = ‘HM(Xi)*MN()Ci)‘;’WM(JC,')*UN(JC,')\ )
m(x) = ‘(HMOﬁ')—vM(x,-));(mv(xl-)—vN(x,»))l () = max(an(x,-)’ nNéx;)) B min(”’”z(""), ﬂNéxi))‘
Mitchell [44] Sy(M, N) = w .
Wherep“(M’N)zlfVM,PU(M,N)=1*</@AMISP<OQ
1y X () +Fou () (3
Yol Sy N) = 5 i ﬁii,ﬁ%((x,)wfgdﬁi;im
Wei and Wei [32] Sw(M,N) = % " 1y Gy (i) +vy (i) vy (xi)
\/ﬂi‘w(Xi>+v3‘4<Xi)/u‘;v<xi)+u4N(m
Zhang [33] Sz (M,N) =
Ly 13 G =V G+ v (i) =i ()l () =% ()

=113, (e —n3, () 1V () =03, () Iy () =7 )l () —vg, (e lHvE () =g, () I gy () =% ()]

S Ik, () =3 () — (3 () — vk (60)]
2n

Peng et al. [34] Spi(M,N)=1-—

Cln W0 Ay G+ ) A vy )
Spa(M. N) = 3 ¥ i (12,60 V 1 )+ 02, () V 03 ()

iy W) Ay Gi)+HI—vE ) AA=v (i)
Sp3(M, N) = 3 ¥ic (13 () Ve i)+ (=02 () VA% (1))

i G (i) =y (x0) — g (i) —viy () 1P+ uag () — vy () — (e (i) —pw () [P}
Boran and Akay [46] Spa(M,N)=1— {’/Z I AM Y7 IV IS Mo N;l(tﬂ)p ) N N TN T

4

\ 4
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Table 2 The comparison of similarity measures adopted from [45]

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6
M {(x,0.3,0.3)} {(x,0.3,0.4)} {(x,1,0)} {(x,0.5,0.5)} {(x,0.4,0.2)} {(x,0.4,0.2)}
N {(x,0.4,0.4)} {{x,0.4,0.3)} {{x,0,0)} {(x,0,0)} {(x,0.5,0.3)} {(x,0.5,0.2)}
St [36] 0.9 0.9 0.2929 0.5 0.9 0.9293
Sc [37] 1 0.9 0.5 1 1 0.95
Scc [38] 0.9225 0.88 0.25 0.5 0.9225 0.8913
Suy1 [39] 0.9 0.9 0 0.5 0.9 0.9
Suy2 [39] 0.8495 0.8495 0 0.3775 0.8495 0.8495
Suy3 [39] 0.8182 0.8182 0 0.3333 0.8182 0.8182
Suk [40] 0.9 0.9 0.5 0.5 0.9 0.95
Src [41] 1 0.9 0.5 1 1 0.95
Srx [42] 0.95 0.9 0.5 0.75 0.95 0.95
Srs1 [43] 0.9 0.9 0.5 0.5 0.9 0.95
Srs2 [43] 0.95 0.9 0.5 0.75 0.95 0.95
Srs3 [43] 0.9333 0.9333 0.5 0.6667 0.9333 0.95
Sy [44] 0.9 0.9 0.5 0.5 0.9 0.95
Sy [45] 1 0.96 N/A N/A 0.9971 0.9965
Sw [32] 1 0.8546 N/A N/A 0.9949 0.9963
Sz [33] 0.5 0 0.5 0.5 0.6 0.7
Sp1 [34] 1 0.93 0.5 1 0.98 0.955
Spa [34] 0.5625 0.5625 0 0 0.5882 0.6897
Sp3 [34] 0.8692 0.8692 0.5 0.6 0.8843 0.9256
Spa [46] 0.967 0.9 0.5 0.8333 0.9667 0.95
S(proposed) 0.9825 0.9300 0.3750 0.9375 0.9625 0.9438

p=1in Sy, Scc, Scsi, Srs2, Sesz, p=1,t=2inSpgand p=1,a=1,b=2,t =3in S.) “Bold” represents unreasonable results. “N/A”

represents the division by zero problem”
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13 (xi)
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Consequently, we can obtain D(M, MON) = D(N, M&
N). O

Apply the similarity measure between PFSs
to pattern recognition

For stating the advantage of the explored similarity measure
S, a comparison among the initiated similarity measure with
the current similarity measures is established. Some existing
similarity measures are presented in Table 1.

Next, we utilize six series of PFSs originally adopted
from [45] to compare the decision results of the initiated
similarity measure S with the existing similarity measures
[32-34,36-46] shown in Table 2. From Table 2, it is clear

that the proposed similarity measure S, Spa [46] and Scc
[38] can conquer the shortcomings of obtaining the illogical
results of the existing similarity measures (S¢ [37], Suy1
[39], Suy2 [391, Suys [39], Suk [40], Spc [41], SLx [42],
S [36], Sps1 [43], Sps2 [43], Sps3 [431, Su [44], Sy [45],
Spi1[34], Spa [34], Sp3 [34], Sz [33] and Sw [33]). We will
state the five major shortcomings in detail in the following.

(1) It is easily seen that the third axiom of similarity
measure (S3) is not satisfied by Sc¢, Src, Sy, Sw, Sp1 since
Sc(M,N) = Spc(M,N) = Sy(M,N) = Sw(M,N) =
Spi(M,N) = 1when M = (0.3,0.3) and N = (0.4,0.4)
(Case 1), which are indeed not equal to each other. Similarly,
the third axiom of similarity measure (S3) is also not satis-
fied by Sc (M, N), Spc(M, N) when M = (0.5,0.5), N =
(0,0) and M = (0.4,0.2), N = (0.5,0.3). Moreover, we
also can find that the fourth axiom of similarity measure
(S4) is not satisfied by Sz when M = (0.3,0.4) and N =
(0.4, 0.3)(Case 3) since Sz(M, N) = 0, which are indeed
not a crisp number. Similarly, the fourth axiom of similarity
measure (S4) is also not satisfied by Sgy1, Suy2, SHY3, SP2
when M = (1,0), N = (0,0) (Case 3) and Spr when
M = (0.5,0.5), N = (0,0) (Case 4).
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Table 3 The comparison of similarity measures adopted from [38]

Case 1 Case 2 Case 3 Case 4 Case 5 Case 6
M {(x,0.5,0.5)} {(x,0.6,0.4)} {(x,0,0.87)} {(x,0.6,0.27)} {(x,0.125,0.075)} {(x,0.5,0.45)}
N {{x,0,0)} {(x,0,0)} {(x,0.28, 0.55)} {(x,0.28,0.55)} {{x,0.175, 0.025)} {(x,0.55,0.4)}
St [36] 0.5 0.4901 0.6993 0.6993 0.95 0.95
Sc [37] 1 0.9 0.7 0.7 0.95 0.95
Scc [38] 0.5 0.45 0.7395 0.7055 0.9125 0.95
Suy1 [39] 0.5 0.4 0.68 0.68 0.95 0.95
Suy2 [39] 0.3775 0.2862 0.5668 0.5668 0.9229 0.9229
Suy3 [39] 0.3333 0.25 0.5152 0.5152 0.9048 0.9048
Suk [40] 0.5 0.5 0.7 0.7 0.95 0.95
Sre [41] 1 0.9 0.7 0.7 0.95 0.95
Srx [42] 0.75 0.7 0.7 0.7 0.95 0.95
Srs1 [43] 0.5 0.5 0.7 0.7 0.95 0.95
Srs2 [43] 0.75 0.75 0.7 0.7 0.95 0.95
Srs3 [43] 0.6667 0.6333 0.7933 0.7933 0.9667 0.9667
Su [44] 0.5 0.5 0.7 0.7 0.95 0.95
Sy [45] N/A N/A 0.8912 0.7794 0.9216 0.9946
Sw [32] N/A N/A 0.968 0.438 0.9476 0.9812
Sz [33] 0.5 0.5 0.5989 0.1696 0.625 0.6557
Sp1 [34] 1 0.9 0.7336 0.7444 0.99 0.9525
Spa [34] 0 0 0.3621 0.2284 0.4483 0.8119
Sp3 [34] 0.6 0.6176 0.3133 0.6028 0.9806 0.9168
Spa [46] 0.8333 0.8333 0.7 0.7 0.95 0.95
S(proposed) 0.9375 0.8350 0.7806 0.7379 0.9887 0.9513

(p=1in Sy, Scc, Scs1, Scs2, Sesz, p=1,t=2inSpaand p=1,a=1,b=2,r =31in S.) “Bold” represents unreasonable results. “N/A”

represents the division by zero problem”

(2) Some similarity measures [34,36,39,40,43,44] have
no power to differentiate positive and negative difference.
For example, S (M, N) = S (M1, N2) = 0.9 when M =
(0.3,0.3), N = (0.4,0.4) (Case 1), M1 = (0.3,0.4) and
N1 = (0.4,0.3) (Case 2). The same counter-intuitive exam-
ple exists for Spyi, Suy2, SHY3, SHK, SLS1, SLs3, Sum,
Spa, Sp3. Another type of counter-intuitive case occurs
when M = (1,0), N = (0,0) (Case 3) and M1 =
(0.5,0.5), N1 = (0,0) (Case 4).Inthiscase, Syxg (M, N) =
Suxk (M1, N1) = 0.5. The same counter-intuitive example
exists for Srsts Su,
Sz, Spa.

(3) The similarity measures have no power to deal with
the division by zero problem. For example, Sy and Sw when
M= (1,0, N = (0,0) (Case 3) or M = (0.5,0.5), N =
(0, 0) (Case 4).

(4) Another kind of counter-intuitive example can be
provided for the case where the similarity measures are
SgyiM,N) = Spgyi(M1,N1) = 09 when M =
(0.4,0.2), N = (0.5,0.3) (Case 5), M1 = (0.4,0.2), N1 =
(0.5, 0.2) (Case 6). The same counter-intuitive example also
exists for Syya, SHy3, Srx, SLs2.
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(5) Another charming counter-intuitive issue happens
when M = (04,0.2), N = (0.5,0.3) (Case 5), M =
0.4,0.2), N1 = (0.5,0.2) (Case 6). In such case, it is
expected that the degree of similarity between M and N
is bigger than or equal to the degree of similarity between
M and N1, since they are ranked as N1 > N > M by
means of score function shown in Definition 3. However,
the degree of similarity between M and N1 is bigger than
the degree of similarity between M and N when Sy, Sgy1,
Suy2, SHy3, SHK, SLC, SLX, SLs1, SLs2, S, SLs3, Sm,
Sw, Sz, Sp2, Sp3 are used, which does not seem to be rea-
sonable. On the other hand, our proposed similarity measures
S(M, N) =0.9625and S(M, N1) = 0.9438. Therefore, the
developed similarity measure is the same as score function.
The presented similarity measure S and the existing simi-
larity measures (Scc and Sp4) are the similarity measures
that have no such counter-intuitive issues as stated in Table
2. To continue digging the defects of the existing similarity
measures (Scc and Spa), we give the following tables for
further discussion.

Meanwhile, Sp4 [46] has the defects of obtaining uncon-
scionable results in some special conditions which is shown
in Table 3. In Table 3, we explore six sets of PFSs which
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Table 4 The comparison of similarity measures
Case 1 Case 2 Case 3 Case 4 Case 5 Case 6
M {(x,0.3,0.7)} {(x,0.3,0.7)} {(x,0.5,0.5)} {(x,0.4,0.6)} {(x,0.1,0.5)} {(x,0.4,0.2)}
N {(x,0.4,0.6)} {(x,0.2,0.8)} {(x,0,0)} {(x,0,0)} {(x,0.2,0.3)} {(x,0.2,0.3)}
St [36] 0.6863 0.6863 0.5 0.4901 0.8419 0.8419
Sc [37] 0.9 0.9 1 0.9 0.85 0.85
Scc [38] 0.9 0.9 0.5 0.55 0.8438 0.7685
Suy1 [39] 0.9 0.9 0.5 0.4 0.8 0.8
SHy2 [39] 0.8494 0.8494 0.3775 0.2862 0.7132 0.7132
SHy3 [39] 0.8182 0.8182 0.3333 0.25 0.6667 0.6667
Suk [40] 0.9 0.9 0.5 0.5 0.85 0.85
Src [41] 0.9 0.9 1 0.9 0.85 0.85
Srx [42] 0.9 0.9 0.75 0.7 0.85 0.85
Srs1 [43] 0.9 0.9 0.5 0.5 0.85 0.85
Srs2 [43] 0.9 0.9 0.5 0.75 0.85 0.85
Srs3 [43] 0.95 0.95 0.6667 0.6333 0.8833 0.8833
Sy [44] 0.9 0.9 0.5 0.5 0.85 0.85
Sy [45] 0.9832 0.9873 N/A N/A 0.9249 0.8685
Sw [32] 0.9721 0.9929 N/A N/A 0.9293 0.6156
Sz [33] 0.7174 0.7857 0.5 0.5 0.5676 0.3684
Sp1[34] 0.9 0.9 1 0.9 0.905 0.915
Spa [34] 0.6923 0.726 0 0 0.3448 0.32
Sp3 [34] 0.75 0.6667 0.6 0.5517 0.8 0.8482
Spa [46] 0.9 0.9 0.8333 0.8333 0.8667 0.8667
S(proposed) 0.9075 0.9125 0.9375 0.9350 0.9212 0.9063

(p=1in Sy, Scc, Scs1, Scs2, Sesz, p=1,t=2inSpaand p=1,a=1,b=2,r =31in S.) “Bold” represents unreasonable results. “N/A”

represents the division by zero problem”

are adopted from [38] to compare the decision results of the
presented similarity measure S with the developed similarity
measures [32-34,36-46] shown in Table 3. From Table 3,
we can conclude that the presented similarity measure S and
Scc [38], Sp3 [34] can conquer the defects of obtaining the
unconscionable results of the existing similarity measures
Spa [46], Sc [37], Suy1 [39], Suy2 [39], Suy3 [39], Suk
(401, Src [41], Spx [42], Sp. [36], Srs1 [43], Sps2[43], SLs3
[43], Sp [44], Sy [45], Sp1 [34], Sp2 [34], Sz [33] and Sw
[32].

Nevertheless, Scc [38] also has the defects of obtaining
fallacious results in some special cases, which is shown in
Table 4. In Table 4, we explore six series of PFSs to compare
the results of the proposed similarity measure S and the exist-
ing similarity measures [32-34,36—46] as shown in Table 4.
From Table 4, we can see that the proposed similarity mea-
sure S with Sp3 [34] can overcome the drawbacks of getting
the unreasonable results of the existing similarity measures
Spa [46], Sc [37], Suy1 [39], Suy2 [39], Suy3 [39], Suk
(401, Src [41], Spx [42], SL. [36], Srs1 [43], SLs2[43], SLs3
[43], Sy [44], Sy [45], Sp1 [34], Spa [34], Sz [33] and Sw
[32].

Conclusion

The main contributions can be illustrated and reviewed in the
following.

(1) The formulae of Pythagorean fuzzy similarity mea-
sures and distance measures are proposed, and their prop-
erties are proved. Meanwhile, the diverse desirable relations
between the developed similarity measures and distance mea-
sures have also been elicited.

(2) A comparison with some existing literature [32-34,
36-46] is constructed in Tables 2, 3, 4 to state the availability
of the proposed similarity measure.

In future, we will employ some similarity measures in
other domains, such as medical diagnosis and machine learn-
ing. Besides, as this paper is just an applied research focusing
on the similarity measures of PFSs, we will attempt to design
some softwares to preferably realize the initiated information
measure in daily life. Meanwhile, we also will take them into
diverse fuzzy environment [47-54].
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