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Abstract: Complex neutrosophic set (CNS) is a modified version of the complex fuzzy set, to cope with complicated
and inconsistent information in the environment of fuzzy set theory. The CNS is characterised by three functions
expressing the degree of complex-valued membership, complex-valued abstinence and degree of complex-valued
non-membership. The aim of this manuscript is to initiate the novel dice similarity measures and generalised dice
similarity using CNS. The special cases of the investigated measures are discussed with the help of some remarks.
Moreover, some distance measures based on CNS are also proposed in this manuscript. Then, the authors applied the
generalised dice similarity measures and weighted generalised dice similarity measures using CNS to the pattern
recognition model to examine the reliability and superiority of the established approaches. The advantages
and comparative analysis of the proposed measures with existing measures are also discussed in detail. At last,

a numerical example is provided to illustrate the validity and applicability of the presented measures.

1 Introduction

Multi-attribute group decision making (MAGDM) problems are an
important part of modern decision theory. In real decision making,
because the decision-making problems are fuzzy and uncertain, the
attribute values are not always expressed as real numbers, and some
of them are more suitable to be denoted by fuzzy numbers. So,
Zadeh [1] developed the notion of a fuzzy set (FS) to cope with
complexity. The FS only characterised by membership function,
whose range is interval [0, 1]. FS is successfully applied in the
environment of aggregation operators [2, 3], medical diagnosis
[4, 5] and MAGDM [6] problems. Further, Zadeh [7] proposed the
interval-valued FS, which is an extension of FS and characterised
by membership grade, whose rang is some closed interval of
interval [0, 1]. Rosenfeld [8] investigated fuzzy group, Chang [9]
found fuzzy topological spaces. But some decision maker arise a
question, what will be the result when we change the range of FS,
which is [0, 1] instead of unit disc in a complex plane. Therefore,
Ramot et al. [10] developed the notion of complex FS (CFS),
which consists of complex-valued membership grade, whose range
is unit disc in a complex plane. Further, Ramot ef al [11] again
initiated the notion of complex fuzzy logic. The notion of CFS,
which is proposed by Ramot, is totally different from complex
fuzzy number that was proposed by Buckley [12].

Further, Atanassov [13] found the notion of intuitionistic FS (IFS),
characterised by membership and non-membership grades. The
boundedness of IFS is that the sum of membership and non-
membership grades is belonging to [0, 1]. IFS is a useful tool to
cope with complicated and difficult information in real-decision pro-
blems. IFS overcomes a disadvantage of the FS which can only
have a membership grade. The IFS is successfully applied in the en-
vironment of pattern recognition [14, 15], medical diagnosis [16,
17], aggregation operators [18, 19], distance and similarity measures
[20, 21] and MAGDM [22, 23] problems. Moreover, the concept of
complex IFS (CIFS) was investigated by Alkouri and Salleh [24].
CIFS is an extension of CFS and FS to cope with uncertain and unpre-
dictable information. The CIFS contains two functions so-called
complex-valued membership and complex-valued non-membership
grades, with a condition that is the sum of real-part (also for imaginary
part) of membership degree and real-part (also for imaginary part) of
non-membership degree is less than or equal to 1. The CIFS is

modified version of CFS, which contain two dimensions information
in a single set. The membership degree and non-membership degree
represents the polar coordinates in CIFS. Moreover, Kumar and
Bajaj [25] found complex intuitionistic fuzzy soft sets with distance
measures and entropies. Garg and Rani [26, 27] robust correlation co-
efficient measure of CIFS and their applications in decision-making
and some generalized complex intuitionistic fuzzy aggregation oper-
ators and their application in multicriteria decision making process.
Further, Rani and Garg [28, 29] again initiated distance measures
between the CIFSs and their applications in decision making
process and complex intuitionistic fuzzy power aggregation operators
and their application in multicriteria decision making.

Smarandache [30] generalised the idea of IFS is to propose the
framework of a neutrosophic set (NS) to deal with indeterminate
and inconsistence information. The NS is characterised by three func-
tions expressing the degree of membership (MS), abstinence and non-
membership (NMS). The NS is successfully applied in different areas
such as distance measures [31], aggregation operators [32] and multi-
attribute decision making (MADM) [33]. Further, interval NS was
pioneered by Wang et al. [34]. Broumi er al. [35] initiated the
notion of rough NS. Single-valued NS (SVNS) was found by
Haibin ef al. [36]. The constraint of NS is that the sum of MS, abstin-
ence and NM grades are restricted to ]07, 3+[, but the constraint of
SVNS is less than or equal to 3. For more work on NS and SVNS,
we may refer to [37-39]. The concept of complex NS (CNS), pro-
posed by Ali and Smarandache [40], is a generalisation of NS and
CIFS to deal with two-dimensional information in a single element.
The CNS is characterised by complex-valued MS, complex-valued
abstinence and complex-valued NMS grades with a condition that
the sum of real-valued MS (imaginary-valued MS), real-valued abstin-
ence (imaginary-valued abstinence) and real-valued NMS (imaginary-
valued NMS) grades is less than or equal to 3*. Recently, Ali et al.
[41] initiated interval complex NS. Further, the generalised dice simi-
larity measures (GDSMs) for picture FS is originally proposed by Wei
and Gao [42]. The similarity and distance measures of CNSs are
defined to discriminant the information conveyed by different
CNSs. The notion of distance and similarity measures is complemen-
tary. They can be regarded as two different aspects of the discrimin-
ation measure. The similarity measure quantifies the closeness
degree between CNSs, while the measure of distance is defined to
depict the difference between CNSs.
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Basically, complex neutrosophic set (CNS) is an extension of
complex IFS to deal with uncertain and unpredictable information
in FS theory. The constraint of the CNS is that the sum of positive,
abstinence and negative grades is less than or equal to three. They
provide a wide range to cope with uncertain and vagueness.
Keeping the advantages of the generalised dice similarity and CNS,
firstly we reviewed the notion of CNS and their basic operational
law such as union, intersection and so on. Then the novel dice simi-
larity measures and generalised dice similarity for CNS are developed.
The special cases of the investigated methods are discussed with the
help of some remarks. Moreover, the distance measures for CNS are
also proposed in this manuscript. Then, we applied the GDSMs and
WGDSMs between CNSs to pattern recognition. The advantages of
found approaches and the compression between proposed methods
with existing methods are initiated. The proposed measures are com-
pared with the following existing approaches. At last, an illustrative
numerical example is provided to demonstrate the efficiency and ef-
fectiveness of the proposed approaches.

The reminder of this manuscript is set as follows. In Section 2, we
briefly review the background of IFSs, CIFSs, NSs, CNSs and their
properties. In Section 3, the novel dice similarity measures and
generalised dice similarity for CNS are developed. The special
cases of the investigated measures are discussed with the help of
some remarks. Moreover, the distance measures for CNS are also
proposed in this manuscript. In Section 4, we applied the GDSMs
and WGDSMs between CNSs to the pattern recognition. The
advantages of found approaches and the compression between
proposed measures with existing measures are initiated. At last, a
numerical example is provided to illustrate the validity and
applicability of the presented distance measures. The conclusion is
discussed in Section 5. The graphical interpretation of the explored
work in this manuscript is discussed in Fig. 1.

2 Preliminaries

In this section, we discuss basic notions of IFSs, CIFSs, NSs, CNSs,
DSMs and their properties.

Definition 1: The notion of IFS is taken from [13] and given by
S ={(ds(v). Bs(v)):y € X} M

where o, Bs:X — [0, 1] represent the degree of membership
(MS) and the degree of non-membership (NMS), with a condition
0< a/s + ,B/S <1.

Definition 2: The notion of CIFS is taken from [24] and given by

S ={(es(y). Bs(y)):y € X} ©)

where os = a; ™) and Bs = Bseiz”wﬁs) represent the degree of
complex—valued MS and the degree of complex-valued NM, with
conditions 0 < ag+ Bg <1 and 0 < 6a5 + 635 < 1. The CIFS is
denoted by CIFS(X).

Definition 3: The notion of NS is taken from [30] and given by

S={(s(v). ¥s(v). Bs(v)):y € X} 3

where o, ¥s, Bs:X — [07, 17] represents the degree of MS,
abstinence (AB) and the degree of NM, with a condition
07 < dg+¥s+Bs =37

Definition 4: The notion of CNS is taken from [40] and given by

S = {(es(y). ¥s(y). Bs(v)):y € x} “)
y/s(y) = yseizw(svs) and

Bs = Bs e’ ”(565) represented the degree of complex-valued
MS, complex-valued AB and the degree of complex-valued NM,
with conditions 0~ < ag+ ys+ Bg < 3% and 0~ < Bag + 8+
8, <3%. The CNS is denoted by CNS(X). Where S=

(aS (yi)eiZ‘n'(ﬁaS (yi)) > Ys (yl) eiZTr(’Svs (yi)) ,Bs (yi)eiz‘”(’sﬁg (y[)) )

(s
where as = age' ( “5),

represents the complex neutrosophic number (CNN).

Definition 5: These operational laws are taken from [40]. Let
S, T € CNS(X), then the following hold:

(i) S° = (Bg(yi)ewaﬁs(y’)),yg(yi)eizw(ays(yf)) « (y‘)eizn(sa‘g(y[)));

(i) SC T iff Ols(yl) < ap(y), 8,.(V) < 8, (V), vs(VY) <
Yr(¥). 8,,(Y) < 8, (). Bs(Y) = Pr(y) and 8, (V)=
SBT(yl)’

(i) S=T iff SCT and SO T

Definition 6. The notion of DSM is taken from [42]. Considered the

two vectors X =(V,,Y,, ..., Y,) and Y =(Y, Y, ..., Y,),
then the DSM is denoted and defined by

2X.Y 22?:1 y‘yi

= = : )
IX13 + 117113

d M(X, Y) ST Y

where X.¥ =" .Y, represents the inner products and
I1X|3= > yf, | Y|3= > V7 represents the Euclidean norm
of vectors X and Y. If y, = VY, =0, so the DSM is undefined.

3 Dice similarity measures for complex g-rung
orthopair fuzzy sets

In this section, we propose the notion of DSM and WDSM for CNSs.
The special cases of the proposed approaches are also discussed
in detail. The distance measures for CNSs are also discussed
in some remarks. Throughout this paper, the weight vector is
given by: w={w, w,, ..., w,}, w; €E[0,1] with a condition
>, o =1. Similarly, the CNN is denoted and defined by:
S= (as(y,)e"z”‘ﬁ s m(y)e’wvs’ Bs(y; )e'z"(SBS) on a finite

universal set X.

Definition 7: A DSM d M¢,_gor(S, T') for CNSs is given by
(see (6))

which satisfy the following conditions:

()0 < d Mixs(S, T) <1
(ii) d Mens(S, T) = d Mins(T, S)
(i) d Mins(S, T) =1 S=T

( (y,)af(y,) + Vs(y,) ( )+ Bs(v,)Br (v,)+
1 (V)3 (V) + 8, (v1) 3y, (Vi) + 35, (V) 35, (V)
d Mins(S, T) =~ i s ()2, ( > L (6)
a2 (2 )3 G- O3 (G070 8 )
8 (¥,) + 8,(v) + ) +8,,.(v,) + %, (v,)
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Fig. 1 Structure of this paper in the form of flowchart

Proof: We will consider (6), and prove the following conditions:

(i) Let

1
A Mg (S T)

2( a5 (vi) e () + 75 (i) (1) + Bs (vi) o (:) = )
1 dag (yi)‘saf (y ) (%)%T (y,) +8g¢ (y,)&BT (y,)
n 2 (i) + 727(%) + 5 (vi)+ )

n

B2 («@@M@M( e ) ( 3
5“7<y1) ( > ‘%T y,)

S (Vi) + 8y (y,-) + 335 )

It is clear that d Mng(S, T) = 0, and

( a§(yi) + ’y%(yi) + Bﬁ(yi)"' >+

8o (V) + 8,(v,) + 5, (v)

(a%(yi) +vr(v) + BZT(y,»)+>
8oy (V) + 85, (v,) + 85, (V)

- 2( aS(yi)aT(yi) + VS(yi)y’T(yi) + Bs(yi)BT(yi)+ )
Bus (V1) 8y (V) + 8,(v,)8,, (V) + 85 (v,) 8, (V)

According to the inequality @ +b* >2ab. Thus, 0<
d Mins(S;, T,) < 1, 50 from (6), we get 0 < d Miyng(S, T) < 1.
(i1) Equation (6) easily verified condition (ii).

(i) If S = T, ie. as(y,) = ar(y), 8as(Y) = 8, (V). ¥s(V)
Yr(Y). 8, (Y) = 8, (V). Bs(V) = Br(Y) and 8, (Y,

S i

637(%)’ we have

1
d Mg (S, T)

2( “S(yi)“‘f(yi) + ‘/s(vi)VT(vi) + ﬁs<%‘)ﬁfr(%) )
1 X”: dag (yi)ﬁa,[ (yi) + 0y (yi)avf (V;) +9Bg (yt)aﬁf (y,)
nl.: (

i (%(%)+V§(%)+ﬁ§(yi)+) ( o (i) + 7 (i) + By y,)+)
8 527 v,)

ag (Vi) + 53 (y,») + ‘%g (y,-) ’ B%YT (Vt) + 577 (Vt)

as( i)“S( i>+75( i)"S( i)+ 5( i) s( i>+
e o)
= ( o3 (vi) + % (vs) + B5 (ve)+ ) ( as(vz)+v§(v,)+ﬁzs(vl)+ )
&

g (yi) + 3%75 (yi) + ‘%5 (yi) ’ Bas (y,) + 375 (y,) (Vz)

Zn: 2(0%(%) * yzs(yi) hl st(y,») + o (yi) + % (y) + ‘%s (%)))
i=1 2(0125(%') + 7%(%) + B@(yi) + 8 (yi) +85, (y ) + 5%35 (y ))

The proof is completed. O
Definition 8: A WDSM d M¢\(S, T') for CNSs is given by

(see (7))

Bag (Vi) Py

2( O‘S(y)“T(V,)+75(y,) (y,) +Bs(y,)ﬁcr(y,)+ )
By

Vs yt YT + 655 (yl) SBT (y )

E[MEVII\]SST Zw

= as(y,) + 5 (v,) +Bs V)
82 (V) + 8, (v) + 85 (v

(7
oy y, +v7(v,) +B7(v)
) " ( )+8 () +6%T<y,»>>
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which satisfy the following conditions:

()0 < dMi(S, T)<1
(i) d Ms(S, T) = d ME(T, S)
(i) d Mp(S, T)=1e S=T

i27(0.33
0.3¢2mM033)

Example 1. Let S = 0.662™045) () 32m0.56)

]

use (6) such that

}) ana s -

>> be two CNNs. Then, we

(]

0. 3461271'(0 39)
0.22¢ i2m(0.13) 0 13e 1277(0 22)

(see (equation below))

11

Remarks 1: If we take 0= (1, 1, ..., %)T then the WDSM for
CNS reduced to DSM for CNS, ie. d MQ(S, T)=

d .’MICNS(S, T). Moreover, we proposed the other form of DSM
and WDSM for CNS.

Remarks 2: The dice distance measure (DDM) and weighted dice
distance measure (WDDM) for CNSs are as follows:

U[-IMJ-IMlcNS(S’ T)=1- dMéNS(S’ T) ®)

AMAMES(S, T) = 1—d Mexs(S. T) ©)

Definition 9: A DSM d M¢ys(S, T') for CNSs is given by

(see (10))
which satisfy the following conditions:

()0 < d Miy(S, T)<1
(ii) d Mens(S, T) = d Mins(T, S)
(i) d Min(S, T)=1o S=T

Definition 10: A WDSM d M3s(S, T) for CNSs is given by

(see (11))

which satisfy the following conditions:

@0 < c[MCNS(S T)<1
(i) d ME(S, T) = d M3(T, S)
(i) d MEZ(S, T) =1 S=T

Remarks 3: If we take 0 = (1, 1, ...

reduced to DSM for CNS, i.e. JMCNS(S, T)=

1 T then the WDSM for CNS

d Miys(S, T).

3.1 Generalised dice similarity measures for CNSs

In this section, we propose the notion of GDSM and WGDSM for
CNSs. The special cases of the proposed approaches are also
discussed in detail. The distance measures for CNSs are also
discussed in some remarks.

Definition 11: A GDSM d M (S, T') for CNSs is given by
(see (12))

which satisfy the following conditions:
@0 < c[ﬂvlCNS(S, T)<1

(ii) a[MCNS(S T)=dMHs(T, S)
(iii) E[MCNS(S, TH=1S5S=T.

If we consider the value of Y = 0, then

A M (S, T)

(B

=

v;) +
v;) +
“?(Vz) + 727 y,) +BT(%)

Oy (o) + 83, (1) + 93, ()

ar

as(v)ar

K

+vs(vi)vr (vi) + Bs(vi) B (i) +
+ 0y (1) 3y, () + 3 ()3 ()

)

(
(

|

(13)

2(0.3 x0.3440.6 x 0.22 +0.

3x0.1340.33 x 0.39 +0.45 x 0.13 4 0.56 x 0.22)

A MEs(S, T) = (
(1167
~ \1.156 + 0.40

) =0.75

(0.37 +0.6° + 0.3% 4 0.33% + 0.45% + 0.56°)

)

+ (0.34% +0.22> + 0.13% + 0.39% + 0.13* 4 0.22%)

) s(y,)e

(=

(V) + (V) yr (v) + Bs(v,) Bz (v,)+
(V) 8ey (V) + 8,4 (v,)8,, (V) + 85,(v,) 85, (V)

)

dMns(S.T) = | = ’7
Z

(a

v,) + Ys(v,) + Bs(v,)+
(v,) + 85 (v,) + 85, (v)

W)+ 7 (v) + B (y)+ (o

n T
)+§(ﬁ4%wwzw»+%4m>

)

as(y,)e

22 8 (V)84

i=1

it

w3

7(¥) + vs(v) v (V) + Bs(v,) Br (v,)+ )

S T s

V) + B3
() + 85, (v,) + 85, (v)

(11)

n

+2

i=1

(Y +8,(v)8,,(v,) + 85,(v,) 8, (V)
2T(yz) + ,sz(yi) + Bgf(yz)_*'

()t
) ﬁ@;mw&xw+%w»

)

o

( s(y)ar
(¥)8a,

23

C[M(C;II\IS(S’ T) =

)

) ¥s(Y, )v:r(y,)+ﬁs(y,-)ﬁf(y,-)+)

875 (y,) YT (yx) + 655 (yz) ‘SBT (y;)

(v
(v

S |

i=1

a5 (y) + vs(y,) + B
os (V) + 8,(v) +

it
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If we consider the value of Y = 1, then

dMEs(S. T)

( “S(%’) ar (%) + 75(%‘) YT (Vi) +Bs (%‘)BT (yi)Jr )
g | s ()3 () + s (90130 () + 55 ()35, (v)
= ( ‘125(%‘) + 7’%((%) + 525(%‘)+ )

5%15 (y,-) + 6%'5 (%‘) + 8%95 (yi)

(14)

is called asymmetric similarity measures or projection similarity
measures.

0.320:33)
Example 2: Let S = (yl, 0.62704 03e;2”(0'56) ) and S =

0.34¢27039) _
(yl, <O 226270.13)_( 130 (0.22) >> be two CNNs with parameter

Y = 0.3. Then, we use (12) such that

(see (equation below))

Definition 12: A WGDSM d M5s(S, T') for CNSs is given by
(see (15))

which satisfy the following conditions:

()0 < dMK(S, T) <1
(i) d MEZS(S, T) = d MEZE(T . S)
(i) A MS(S. T) =16 S=T

If we consider the value of Y = 0, then

A ME(S, T)

( as () (o) + v (ve) v (vi) + s (v B (v)+ )
$ 1) Par (93) + 05 (V1) 05 (vi) + 355 (1) 35, (v1)
=l (“27(% +“/27 +BT(%) )

Oy (1) + 85 ( %)MBT(%)

(16)

If we consider the value of Y = 1, then

dMES(S, T)
( as(vi)er (vi) + 5 (vi) v (i) + B3 (v,) B (v,)+ )
S s (90)2ar () + 0 ()3, (v:) + 5, (%), (v)
( A (y,) +7(v:) + B (v,)+ )
s (43) + 85 (1) + 03 (1)

17

is called asymmetric similarity measures or projection similarity
measures.

Remarks 4: Where the value of 0 <Y < 1. By changing Y = 0.5,
(12) and (15) are reduced into (6) and (7).

Remarks 5: If we take w = (l 1o, l)T, then the WGDSM

for CNS reduced to "G !

GDSM  for CNS, ie.
AMEs(S, T) = d MZ(S, T).

Remarks 6: The generalised dice distance measure (GDDM) and
weighted generalised dice distance measure (WGDDM) for
Cq-ROFSs are as follows:

AMAME(S, T) =1 - d MZAs(S, T) (18)

AMAMES(S, T) =1-dMKs(S. T) (19
Definition 13: A GDSM d MZ(S, T') for Cq-ROFSs is given by
(see (20))

which satisfy the following conditions:

(i) 0 < d ME(S, T) <1
(i) f/{~7vlc1xls(5 T) CNS(T 5)
(i) A MZs(S. T) =16 S=T

(0.3x0.3440.6 x 022+ 0.3 x 0.13 +0.33 x 0.39 + 0.45 x 0.13 + 0.56 x 0.22)

0.58
- (0.3 x 1.156 + 0.7 x 0.40) =093

0.3% 4+ 0.6> 4 0.3% + 0.33% + 0.45* + 0.56°) + (1

—0.3)(0.34* 4+ 0.22* +0.13* + 0.39° +0.13° + 0.222))

( as(V)ar (v,) +vs(¥) vr(y,) + Bs(v,) B (v,)+ )
(V)80 (V) +8,(v))8,, (V) + 85, (v,) 85, ()

d MKs (S, T) =

e

)+ A + B
os (V) + 35 (V) + 85,(,)

(15)
aé’(yi) + VZT(yi) + BZT(%)"’
) - “( 8, (v)+ 5, (y) + %, (v) )

¥s(¥)vr (v,) + Bs(v,) Bz (v,)+ )

575 (yi)SYT (y ) + 6B<(y )6137 (y )

(20)

v o G +%(v) + B (v, vy oe [ @ () + 7 (v) + B (y)+
> &2 &2 &2 +1-Y) Z 82 & &2
i=1 ag(yi) + vg(yi) + 0, Y, (yz) + ’Yff(yi) + BT(yi)
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If we consider the value of Y = 0, then

dMERs(S, T)

as(vi) ez (i) + vs(vi)ve (vi) + Bs(v:) B (v;)+
( ) + 8y (y> 577 (yi> + 659 (y> 557 (yi)
e (vi) + 7 () + 7 (v,)+
S o, () + 8, (v) + 9, (v)

21
If we consider the value of Y = 1, then

d MEs(S. T)

as(%)a ( Yi

) vs(v)or(v) + Bs(v)er (v)+
Pag (¥1)2a, (v,) +

iy

sy

+ 8y ( ) vy (%) + 55;(%’) O, (yi)
)+ v%(y) +B%(v;)+
)+ 35 (i) + 35, ()

M=

o

H'Ms

(22)

is called asymmetric similarity measures or projection similarity
measures.

Definition 14: A WGDSM d M¢53(S, T') for CNSs is given by
(see (23))

which satisfy the following conditions:

()0 < d M(S, T) <1

(i) & MES(S, T) = d MK3(7, S)

(iii) d M; égg(s, T)=1&5=T

If we consider the value of Y = 0, then

d MEE(S. T)

y ( as(yl)aT(y,) ys(y,)vT(y,)+BS(V,)BT(%) )
s (Y1) Bary (1) + By (V)3 (1) + 355 (v,) 8, (v,)
to 2("‘27(V:)+”27(V1)+BT(%) )

l 5%“7 (yl) + SYT (yi) + SBT (yi)

M=

1

(24)
If we consider the value of Y = 1, then
A MEZ(S. T)

(et

Tt

iy ) 75(%‘)”7’(%) +55<yi)BT<yi>+ )
5 (1) oy () + 2y ()2, () + 95 ()35, (v,)
2(“ §(v) + () + 5w+ )
o €<yl> + 5% (y,) + 5Bs (y,)

(25

is called asymmetric similarity measures or projection similarity
measures.

Remarks 7: Where the value of 0 <Y < 1. By changing Y = 0.5,
(20) and (23) are reduced into (10) and (11).

Remarks 8: If we take w = (1, 1

PR

CNS reduced to GDSM for CNS, i.e.
G[MCNS(S, 7).

, %)T then the WGDSM for
A MRS(S, T) =

In this section, if we consider the abstinence part will be zero,
then the proposed work is converted for IFS. The proposed work
is more generalised than existing drawbacks due to its condition.
Basically, CNS deals with two-dimensional information in a single
element. The CNS is characterised by complex-valued MS,
complex-valued abstinence and complex-valued NMS grades with
a condition that the sum of real-valued MS (imaginary-valued
MS), real-valued abstinence (imaginary-valued abstinence) and
real-valued NMS (imaginary-valued NMS) grades is less than or
equal to 3%.

4 Apply the generalised dice similarity measures
between CNSs to pattern recognition

To examine the reliability and effectiveness of the pioneered work,
we compared the established work with some existing works
which is investigated by Ali and Samarandache [40], applied to
pattern recognition with the help of numerical example. The
proposed measures are also compared with the following notions,
which is explained in [43].

Example 3: For any four known patterns S, S,, S5 and S, with
respect to unknown pattern 7 in the form of CNNs based on
finite universal sets X = {V, V,, V,, V,} defined below:

(yl, 0.8¢2m077) () 78¢2m056) 0.56ei2”(0‘55)),
(y2> 0.9¢2™087) () gge2m076) 0.7661'271(0,65))’
(yy 0.6¢2™067) () 58¢12m086) O.46ei2”(0'75)),
(y4, 0.7¢2™057) () 686209 _() 36¢2m0-55)

(yl, 0.8€i2ﬂ-(0'77), 0.786’277(0'56), 0'56ei2ﬂ(0.55))’
(y2, 0.9Ci2ﬂ-(0'87), 0.8861'277(0.76)’ O.76ei2ﬂ(0'65)),
(yy 0.6ef2ﬂ-(0'67), 0.5861'277(0.86)’ 0.46ei2”(0'75)),
(y4, 0.761277(0‘57), 0.6861-2‘”(0‘93), 0'36ei277(0.85)

(yl, 0.861-277(0‘77), 0'786i277(0.56)’ 0'56ei277(0.55))’
(yz, 0.961-277(0‘87), 0.886i27r(0'76), 0'7661'277(0.65))’
(y3= 0.66i2ﬂ-(0'67), 0'58ei277(0.86)’ 0.46ei27710.75)),
(y4’ 0.761.277(0‘57), 0.686i2ﬂ'(0‘93), 0.366127(0'85)

(yl’ 0.863{271-(0‘77), 0.786i27(0'56), 0.5661277(0'55)),

(y2 0 9€i2ﬂ(0‘87) 0 886[277(0.76) 0 7661’277(0.65))

54 = > . > ) s U , ),
)

(y3’ 0.661217(0467)’ 0.586’27(0'86), 0.466’277(0'75) ,
(y4, 0.7€i2ﬂ0‘57), 0.6861'277(0493)’ 0.3661‘271(0,85

(yv 0.8¢2™077) () 7862056 O.56ei2ﬂ0'55)),

. (yz’ 0.9¢2™087) () ggei2m076) 017661'271(0,65))’
(yy 0.6¢2™067) () 582086 0.46ei2”(0‘75)),
(y4, 0.7¢2™057) () 68¢2™0:93) () 3662085

g w;( “‘S((y;))aﬂ’ vy + w((y,))v:r(y() )+ﬁs(y£)ﬁ):r(y,~()+)>
wG3 _ = 6015 Yi 5'17 67§ Yi 677 Y,) + 5133 Yi 5B7 Y
d Mexs (S, T) = A + B
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+
2 2 (23)
" ) +(1 - Y)i@(‘éﬂ%) +9r(v) +3T(%)+)

oy (V) + 85, (v,) + 85, (V)
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We compute the GDSM between known and unknown patterns
by using (20). The comparison of the proposed measures
with existing measures, whose detail is that the notion introduced
by Li et al [44] based on similarity measures between IFS,
and the notion initiated by Chen [45] based on similarity
measures between vague set and between elements, and the
concept pioneered by Chen et al [15] based on similarity
measures between IFS, and the idea found by Hung and Yang [21]
based on similarity measures between IFS using Hausdroff
distance, and the idea found by Hong and Kim [46] based
on similarity measures between vague set and their elements,
and the idea found by Li and Cheng [14] based on similarity
measures for IFS and their application to pattern recognition,
and the idea found by Li and Xu [47] based on measures of
similarity between vague sets, and the idea found by Liang and
Shi [48] based on similarity measures on IFS, and the idea
found by Mitchell [49] based on similarity measures and its
application to pattern recognition, and the idea found by Ye [50]
based on cosine similarity measures for IFS and their applications,
and the idea found by Wei and Wei [51] based on similarity
measures based on PFS, and the idea found by Zhang [52]
based on similarity measures for pythagorean fuzzy multi-criteria
group decision making, and the idea found by Peng er al. [53]
based on information measures for PFS, and the idea found
by Boran and Akay [54] based on parametric similarity
measures for IFS, and the idea found by Peng and Liu [43]
based on information measures for g-rung orthopair FSs are
discussed in Table 1 for the values of weight vectors is
(0.3,0.4,0.1,02)".

The graphical representation of the explored work with existing
work which is mention in Table 1 is discussed in Fig. 2.

4.1 Advantages and comparative analysis of the CNSs

In the following, some comparisons of the initiated methods with
drawback ideas are discussed to examine the validity and
superiority of the proposed methods. Further, we will compare our
proposed dice similarity measures to 21 other existing measures,
and we will consider the following drawbacks to solve with the
help of example, including the notion introduced by Li et al. [44]
based on similarity measures between IFS, and the notion initiated
by Chen [45] based on similarity measures between vague set and
between elements, and the concept pioneered by Chen ef al. [15]
based on similarity measures between IFS, and the idea found by
Hung and Yang [21] based on similarity measures between IFS

Table 1 Comparison of the proposed measure with existing measures

using Hausdroff distance, and the idea found by Hong and
Kim [46] based on similarity measures between vague set and
their elements, and the idea found by Dengfeng and Chuntian [14]
based on similarity measures for IFS and their application to
pattern recognition, and the idea found by Li and Xu [47] based
on measures of similarity between vague sets, and the idea found
by Liang and Shi [48] based on similarity measures on IFS, and
the idea found by Mitchell [49] based on similarity measures and
its application to pattern recognition, and the idea found by Ye
[50] based on cosine similarity measures for IFS and their
applications, and the idea found by Wei and Wei [51] based on
similarity measures based on PFS, and the idea found by Zhang
[52] based on similarity measures for pythagorean fuzzy
multi-criteria group decision making, and the idea found by Peng
et al. [53] based on information measures for PFS, and the idea
found by Boran and Akay [54] based on parametric similarity
measures for IFS, and the idea found by Peng and Liu [43] based
on information measures for g-rung orthopair FSs. However, all
the existing drawbacks are failed to deal with problems that
involve two-dimensional information/date, i.e. two different types
of information/data pertaining to the problem parameters. The
existing methods (discussed in advantages section below) and
proposed methods are compared with the help of Example 4 and
see the final results in Table 2.

To examine the reliability and effectiveness of the explored work
we solve another example which is taken from [43].

Example 4: [43]: For any four known patterns S, S, and S; with
respect to unknown pattern 7 in the form of CNNs based on

Geometrical interpretation of the proposed

measures and existing measures

Fig. 2 Comparison of the proposed measure with existing measures, using
graphical interpretation

Methods

Similarity measures

Ranking

S, [44]
S [45]
Scc [15]
Suyq [21]
Sy, [21]
Shys [21]
Sk [46]
S,c [14]
S, x [47]
Sys1 [48]
S/s, 48]
S g3 [48]
Sy [49]
Sy [50]
Sy [61]
S, [62]
Spq [63]
Sp, [53]
Sps [63]
Sga [54]
S5 [43]
proposed method in this paper

cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified

[M(S;, T) = 0.6723, [M(S,, T) = 0.7467, [M(S; , T) = 0.892

cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
cannot be classified
8328, 28
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Table 2 Comparison of the proposed measure with existing measures

Methods Similarity measures Ranking

S, [44] [M(S;, T) = 0.86, [M(S,, T) =0.72, [M(S3, T) = 0.91 S§3>85,=8,
Sc [45] [M(S;, T) =1, TM(Sy, T) =1, [M(S5, T) =097 51>8,>8;
Scc [15] [M(S,, T)=0.86, [M(S,, T) =0.74, [M(S;, T) = 0.89 S§3>285,=8,
Spya [21] [M(S,, T)=0.87, [M(S,, T)=0.75, [M(S;, T) = 0.90 S3>8,>8
Spyz [21] [M(S;, T) = 0.81, [M(S,, T) = 0.65, [M(S;, T) = 0.84 S5>8>S,
Spys [21] [M(S,, T)=0.78, [M(S,, T) =0.60, [M(S;, T) =0.82 S§3>8,> 8,
Sy [46] [M(S,, T)=0.87, [M(S,, T) =0.75, [M(S;, T) = 0.92 S§3>85,>2 8,
S.c 141 [M(S;, T) =1, [M(Sy, T) =1, [M(S5, T) =097 8,28,>8;
S x [47] [M(S;, T) =094, [M(S,, T)=0.87, [M(S;,T)=0.95 S§3>8,> 8,
Sys1 [48] [M(S,, T)=0.87, [M(S,, T) =0.75, [M(S;, T) = 0.92 S3>8,>8
S;s, [48] [M(S;, T) =094, [M(S,, T)=0.87, [M(S;,T)=0.95 S§3>85,>2 8,
Sis3 [48] [M(S, T)=0.92, [M(S,, T) =0.83, [M(S;,T) =094 S3>S,> 8,
Sy [49] [M(S,, T)=0.87, [M(S,, T)=0.75, [M(S;, T) = 0.92 S3>8,>8
Sy [50] [M(S, T)=1,TM(S,, T)=1,[M(S3,T)=0.99 §1285,>28;
Sy [61] [M(S;, T)=1,TM(S,, T)=1,[M(S3,T)=0.99 §1>8,>8;
Sz [62] [M(S1,T)=1,TM(S, T)=1,[M(S3,T)=0.98 §285,>28;3
Spq [63] [M(S;, T) =05, [M(S,, T) =05, [M(S;, T) =05 S3>285,>28
Sp, [53] [M(S;, T) =05, [M(S,, T) =0.24, [M(S;, T) = 0.62 S§3>8,> 8,
Sps [63] [M(S,, T)=0.87, [M(S,, T) =0.79, [M(S;, T) =0.92 S3>8,>8
Spa [64] [M(S;, T) =096, [M(S,, T) =091, [M(S;,T) =0.96 S§3>85,>2 8,
S5 [43] [M(S;, T) =098, [M(S,, T) =0.97, [M(S;,T)=0.99 S§3>8,> 8,
proposed method in this paper (M(S,, T) = 0.858, [M(S,, T) =0.8972, [M(S3 ,T)=0923 S3>85,>8,

finite universal sets X = {y1= Yy Vs, y4} are defined below:

(yl’ 0.3Ci2ﬂ'(0‘0), O.OCizﬂO‘O), 043€i2ﬂ0‘0)),
(%» 0.4ei2”(0'0), O.Oeizﬂ(()‘(]), 0‘4ei2“(0‘0)),
(5, 0.4e77090.0e°™00, 0.4¢2™00),
(y4! 0‘461-277(0‘0), O'OeiZ'n(O.O), 0'4ei277(0.0))

(yl , 0.561-2”(0‘0), O.OCiZﬂ(O'O), O.Sei2ﬂ(0.0))’
(}Iz» 0.16i27r(0‘0), O'OeiZW(O.O), 0161’277(0.0))7
(y'y O.SGI-ZW(O‘O), O'OeiZ'n(O.O), 0.561277(0‘0)),
(y4, 0.16[27(0‘0), O.OCizﬂ(O'O), O.leizﬂ(o‘o))

(yl’ 0.561277(040)’ O'OeiZ‘n'(O.O)’ 0.461’217(040))’
(yza 0.461'277(040)’ 0'Oei2ﬂ'(0.0)’ OlseiZﬂ'(Oﬂ))’
(yp O.3ei27r(040)’ O.OCiZmO'O), O.3ei277(040))’
(y4’ 0.261.277(0‘0), O.OGizﬂ(O'O), 0.261'277(0‘0))

(y] , 0.461'277(040)’ O.OCiZﬂ(O‘O), 0.461'217(040))’
T _ (yz’ 0.561'277(040)’ 0.061217(0‘0), 0.561.277(0‘0)),
(y3, 0.261'277(00)’ O.OeiZﬂ'(OAO), 0261’2#(00))’
(y4’ 0.367'277(0.0)’ O.OCizﬂ(O'O), 0.367'271(0.0))

We compute the GDSM between known and unknown patterns by
using (20). The comparison of the proposed measures with existing

measures, whose detail is that the notion introduced by Li e al.
[44] based on similarity measures between IFS, and the notion
initiated by Chen [45] based on similarity measures between vague
set and between elements, and the concept pioneered by Chen ef al.
[15] based on similarity measures between IFS, and the idea found
by Hung and Yang [21] based on similarity measures between IFS
using Hausdroff distance, and the idea found by Hong and Kim
[46] based on similarity measures between vague set and their
elements, and the idea found by Dengfeng and Chuntian [14] based
on similarity measures for IFS and their application to pattern
recognition, and the idea found by Li and Xu [47] based on
measures of similarity between vague sets, and the idea found by
Liang and Shi [48] based on similarity measures on IFS, and the
idea found by Mitchell [49] based on similarity measures and its
application to pattern recognition, and the idea found by Ye [50]
based on cosine similarity measures for IFS and their applications,
and the idea found by Wei and Wei [51] based on similarity
measures based on PFS, and the idea found by Zhang [52] based on
similarity measures for pythagorean fuzzy multi-criteria group
decision making, and the idea found by Peng et al. [53] based on
information measures for PFS, and the idea found by Boran and
Akay [54] based on parametric similarity measures for IFS, and the
idea found by Peng and Liu [43] based on information measures for
q-rung orthopair FSs are discussed in Table 2.

The graphical representation of the explored work with existing
work which is mention in Table 2 is discussed in Fig. 3.

From Example 3, it can be seen that existing drawbacks are not
able to solve the decision making problem presented, which

Geometrical interpretation of the proposed
measure and existing measures

Seriesi [l Series2 [ Series3
=1 5

1.2
b W M R G s
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Fig. 3 The graphical interpretation of the explored work with existing works
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involves two types of complex neutrosophic information (the degree
of the influence and the total time of the influence) since established
measures lacks the phase terms which represent the time frame of
this problem. But when we choose the intuitionistic fuzzy types of
information, the established work can solve easily; see in Example 4.

4.2 Sensitive analysis

The GDSM under the CIFS [34] environment can only handle

[3]
[4]
[3]
[6]

Zimmermann, H.J.: ‘Fuzzy set theory—and its applications’ (Springer Science &
Business Media, New York, NY, USA, 2011)

Steimann, F.: ‘Fuzzy set theory in medicine’, Artif. Intell. Med., 1997, 11, (1),
pp. 1-7

Szczepaniak, P.S., Lisboa, P.J. (Eds.): ‘Fuzzy systems in medicine’ (Physica-
Verlag, Heidelberg, Berlin, 2012, vol. 41)

Kahraman, C. (Ed.): ‘Fuzzy multi-criteria decision making: theory and
applications with recent developments’, vol. 16 (Springer Science & Business
Media, New York, NY, USA, 2008)

Zadeh, L.A.: ‘The concept of a linguistic variable and its application to
approximate reasoning—1I’, Inf. Sci., 1975, 8, (3), pp. 199-249
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