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In this paper, we construct new multiple attribute decision-making (MADM) prob-
lems using the redefined square root interval-valued normal Pythagorean fuzzy
set (RSIVNPFS). The interval-valued Pythagorean fuzzy sets (IVPFSs) and square
root PFSs are extended by the square RSIVNPFS. We introduce RSIVNPF weighted

averaging (RSIVNPFWA), RSIVNPF weighted geometric (RSIVNPFWG), generalized
RSIVNPFWA (RSGIVNPFWA), and generalized RSIVNPFWG (RSGIVNPFWG). Idem-
potence, boundedness, commutativity, and monotonicity in algebraic operations
are all satisfied by RSIVNPFSs. We develop an algorithm for dealing with MADM
problems using the aggregation operators (AOs). The applications of the Eu-
clidean distance (ED) and the Hamming distance (HD) are described using exam-

Keywords: .

Multiol ttribut decisi ples from everyday scenarios. We also compare several suggested and current
u . pie attni u.es eC|§|on- models to show the validity and applicability of the models. Our objective is to

making; Aggregating operations;

compare expert opinions with the criteria in order to determine the best option

Normal fuzzy set; Weighted vector; and to demonstrate the superiority and validity of the suggested AOs.

Weighted averaging; Weighted
geometric.

1. Introduction

Several theories have been developed to resolve uncertainty, including Zadeh'’s fuzzy set (FS) [1]
theory, Atanassov’s intuitionistic FS (IFS) [2] theory, interval-valued FS (IVFS) [3], vague set [4], and
IVPYFS [5]. FSs are systems in which every element in the universe has a degree of belonging ranging
from zero to one, and these grades are called membership grades (MG). Finally, Atanassov presented
the idea of IFS logic, which states that the sum of MG and non-membership grades (NMG) cannot ex-
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ceed one. When membership degrees (MD) and non-membership degrees (NMD) are larger than one,
making decisions becomes difficult. Yager created PFS [6] logic, which is distinguished by the condition
that the square sum of MD and NMD must be less than or equal to one. Akram et al. [7] state that
PFS has a variety of uses. Peng et al. [5] presented a Pythagorean fuzzy AO based on interval values.
A few techniques for MADM based on the interval-valued Pythagorean fuzzy Einstein AO were pre-
sented by Rahman et al. [8]. Yang et al. [9] consolidated the MADM processes using IVPFS. Al-Shami
et al. [10] studied square root FS (SFS) and weighted AOs. Ejegwa [11] proposed distance measures for
IFSs, including Hamming distance (HD), Euclidean distance (ED), normalized HD, and normalized ED, to
deal with MCDM and MADM challenges. Palanikumar et al. [12] used MADM to explain the extended
Pythagorean neutrosophic normal set.

Zhou et al. [13] introduced the trust function-based divergence measurement of PFSs. Any two
objects may be compared using a similarity measure to determine how similar they are to one an-
other. Similarity assessments can be applied in a wide range of contexts. Oztaysi et al. [14] discussed
the concept of social open innovation platform design for scientific curricula using the Pythagorean
fuzzy analytic hierarchy technique. Song et al. [15] presented the idea of evaluating loan risk using
the Pythagorean fuzzy analytic hierarchy method. Liu [16] discussed the concept of multiple g-rung
orthopair fuzzy AOs and their use in MADM. A range of difficult situations arise in real-world scenarios,
and data measures are useful for managing uncertain data. A bipolar FS using TOPSIS was proposed
by Akram et al. in 2018 [17]. The MCGDM was introduced by Adeel et al. [18], along with the m-polar
fuzzy linguistic TOPSIS. Practical applications of complex PFS were covered in Ullah et al. [19]. Section
1 contains the introduction. Section 2 provides an informative overview of PFS and its fundamental
functions. Section 3 provides a description of RSNSNIVN. The generalization of the AO for RSNSNIVNs
is covered in Section 4. Section 5 describes MADM based on RSNSNIVNs, and an algorithm and nu-
merical example are presented. Section 6 provides the final conclusion. As a result, the research is
likely to benefit the following areas.

1. Determine the distances using RSNSNIVS for the Euclidean (ED) and Hamming (HD) distances.

2. Four methods have been developed: RSIVNPF weighted averaging (RSIVNPFWA), RSIVNPF weighted
geometric (RSIVNPFWG), generalized averaging (RSGIVNPFWA), and generalized geometric (RS-
GIVNPFWG).

3. An AO-based MADM technique is investigated with RSNSNIVS.
4. A numerical example is used to compare the suggested and current approaches.

5. The ideal values for RSIVNPFWA, RSIVNPFWG, RSGIVNPFWA, and RSGIVNPFWG are identified.

2. Preliminaries

This section provides a quick review of some of the fundamental terms used in our subsequent
investigations. Let {2 be a universe set.

Definition 2.1 The PFS o= {p, (A3(p), AR(p))|p € Q} AS AR © Q — [0,1] denotes MD and

NMD of o € Q to , respectively, and 0 < (A3(p))? + (A%(p))? < 1. For x= (A3, AR) is called a
Pythagorean fuzzy number (PFN).

Definition 2.2 The SFS x= {p, (A3(p), AR(p))|p € Q} A3 AR . Q — [0,1] denotes MD and

NMD of o € ) to , respectively and 0 < (A3 (p))? + /AR(p) < 1. For x= (A3, A%) is called a
square root fuzzy number (SFN).
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Definition 2.3 [5] The PIVFS oc = {p, <A§(@),A§(p)>‘p € Q} where AT AL . Q0 — Int([0,1])
denotes MD and NMD of o € ) to «, respectively, and 0 < (AS%(p))? + (A%(p))? < 1. For
= < [Ail, A;{“] , [Aﬁl, Ai"} > is called a Pythagorean interval-valued fuzzy number (PIVEN).

Definition 2.4 [5] Let & — <[A%l, ASU] AR A%u]>, ot = <[A‘fl, AU, AR A?fu]> and
= <[A§l, A, [A A;R“]> be any three PIVFNs, and X > 0. Then,

o VAR A3 (A2 (A2 (A7 (432 - (A7 (432 ],
. XU = |:A§§l . Agﬂ A?u ‘ Ageu:| ’
2. 510 A AT A a3,
. XX = ’
[ (AT + (AF)2 = (A2 - (A5, (AT)2 + (AT - (A2 - (AT ]

3 N [[\/1— 1 ( \/1— 1—( )N}, [(AW)N,(A““)NH,
e e e

Definition 2.5 For any SIVFN oc = <[A%l, ASu] (AR Am]>, the score function of o is

S(x) = % ((A%)2 4 (A% — VAT - VAR) | 5(o) € [-1,1],

Accuracy function of o is

H(x) = % (A2 + (A% 4+ VAR + VAR | H(ox) € [0,1].

3. Basic operations for RSIVNPFN

Definition 3.1 The RSPIVS o — {p, <A§(@),A§(p)>‘ o€ Q} where A, AE - Q — Int([0,1]) is
called a TD and FD of o € €2, respectively and 0 < (4A3(p))2++/4A4%(p) < 1and 0 < (A3 (p))?+
JAR(p) < 1, where 4 =TT (A3, AR). For o« = <[A§l, ASu } [Aw A%”]> is called a RSPIVN.

Definition 3.2 For any RSPIVN x = < [Agl, A;{“} : [Aﬁl, Aﬁ“] > the score function of  is S(x) =

X(£+1-%), where X = (4A%)? + (JA%)?, Z = VJAR 4 VAR and S(x) € [-1,1], where
iy s JPR )

Definition 3.3 Let x = <( n); [ASH ASY, [AW,A%“]>, <(X1,7l1) [AF, AP*] and

Xy = <(X2, n2); [ASY, ASY], [AR, A%“]> be the any three RSIVNPFNs, and X - 0and 4 = [] (A3, AT).
Then,
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(X1 + X2, M1 + M2;
2R
(R/FAT + R/EAT - R/FA - 3/EA)

1. ] = 2% | 0|
= (/BT AT - AT YA
[jiA?l AR 4, AR jiAg?u]
(X1 * X2 - 12 [—“z’A?l - A AT jiA§U]>
2R ]
2. 01006 = | | (R/FAT + R/FAF - R/3AF - R/3AF) ||,
2N
( VAN + N LAT = LA jz'AgW)
(R-x, R -n); )
2N 2N
3 R-ox = [(1— (1- Q{*/jiA%l)N> ,(1— (1- 2{‘/jiA%u)N> 1

[(:IZ-AW)N, (:IIA%U)N}

O 1%): | (HA®, (5,431
4. o = n 28 R\ 28
[(1— (1= ¥FAM) " (1= (1 - ¥FA)") }
Definition 3.4 For any two RSIVNPFNs oc; = <(X1,Th; (AT ATY], [AT, A?ﬁu]> and
X2 = <<X27 723 [Agla Agu]a [A;Rl, Agéu]> Then

] [1+T%—31X1 . 1+T§_:2 X2]2
VE (O<1,O<2> == 1 2
2\ +§ [1+T;:1 m — 1+T§*:\2 772}
and 1 1+T1731X1 14— X2|
v (oc , X ) == 2y 2
H 1 2 2 -+% |1+T21 :1,'71 _ 1+T; 32,’72‘:|

where 4 = H (Ai, Aom;) and Tl = (_‘IlA?Z)Q + (_‘IZA?U‘)Q, :1 = \/le51Rl + \/_‘IlA%u, TQ = <j1A§Z)2 +
(HAS2, 0y = /AT + /4, AT Since Vi <o<1, o<2> and YV (ocl, o<2> are called ED and HD
between oc; and s, respectively.

4. AOs via RSIVNPFN
We provide the new operators for RSIVNPFWA, RSIVNPFWG, RSGIVNPFWA, and RSGIVNPFWG.

4.1 RSIVNPF weighted averaging(RSIVNPFWA) operator

Definition 4.1 Let ; be the set of RSIVNPFNs, W = (<1,2, ..., <, ) be the weight of ~;, ¢; > 0 and
O .15 = 1. Then RSIVNPFWA (<1, Xa, ..., 0¢,) = O ;60
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Theorem 4.1 Let ; be the set of RSIVNPFNs. Then RSIV NPFW A(x, Xa, ..

(-

<DZ—>1§Z’X1'7 D?’Hl@mz-) ;
®i 41

| @ (AR, @i, (AR ]

Proof. The proof follows by induction method.
If n = 2, then RSIVNPFWA (o<1, o¢3) = ¢10¢1 g0, where

Xy =

GXa =

Now,

S SN

RSIVNPFW A(x, )

[(1—@@(1—

<§1X1, §1771> ;

[ AW §1 A&Eu) ]

<§2X2, §2772>

[EXERENEON

(§1X1 + S2x2,61Mm + §2?72);

(<<< <(<
[En 3

YEam)")-
)" + El
(3

e
(1
(1-

zA )cl(j AéRu)cz

W))

?‘E )Q,

(§1X1 + X2, 1+ §2772);
(F/EAN - /G
(FVEE" - FvEa)”

[(BAT) - (AT, (S AT) - (FAT)] |

(OFsixas 07 qaimi);

N —\ 2R ,

VEa) ) (1-ed(1-
. @2

®zr—>1 (——I A%l)

am) )]

(AT

=1

o))+ (- (- um;

Y

s )

(1 _o= (jiA?l))%fN, (1 - ®M<1 - (jiA?“)yi)QN] ,

TR, R

TR R

2N 7

2R
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Alson > 3, and hence

RSIVNPFWA(OQ, Xa, ..
(Dz»—ﬂgZX“ D?&Cﬂh);

Si g
(i’f‘ﬁ”) ) : <1 — ®;

[

, ) =

(1= §/(apm)” )] ,

i—1
®z»—>1 (——I Am) ) zel(j A%u)
 Ifn = m+ 1, then RSIVNPFWA (X1, X, ..., O, K1 )

(gnHﬂz'Xi + SmA1Xm+1, 45150 + <m+177m+1);
R ~ Si 2R
(- (0= AEa))
- Sm+1
(1 (- )™ |
_ ®7L1(1 - (1 - (jiA;&l))%) . (1 _ ( — /(4 A,ﬁ+1))§m+l)

If n = m + 1, then RSIVNPFWA (o1, s, ...,

®zr—>1 ( Aml)

[(1—@7311(1—

Theorem 4.2 If all ; are equal, then RSIVNPFWA (1, xa, ...,

Proof. Suppose that (y;,n:) = (x,n

Dzngl L.
Now,

RSIVNPFWA(O(l, Xa, ...

1>—>1(1_( -3

<DZL19X1‘ + Sm4+1Xm+1, D?&ﬁmz‘ + §m+177m+1>;

3:43) ) + (1= (1= /@A)
e (1 (1= 3Ea)) - (- (- YEaz)) ™)
(AR )

<D21—>+11<1X17 |:|2>—>1 glﬁl) )
Si m
Y (4) ) , (1 — @

(_‘I A?Rl)cl’ ®m+1<__l A%u)

m+1
®z»—>1

), [AP, AR] =

XKim, O<m+1)

2N

S (HAT)S - (AR )

(1- 34 @-A?“))“)QN],

i1

x,) = o (idempotency property).

[AS ASU] and [AR AT = [A® A®v] and

, OXn)
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LI GG D?»—)lgini> ;

_ [ (1 —er, (1 _ = (jl-A?’))Q>2N, (1 —er, (1 _ (jiA?u)f)Q&] 1.

1>—>1 (j A?Rl)g zr—>1(——l AéRu)

(XDZ—AQM HD?H&) ;

Do, G

(X, m);

- |0 0 v (- (- vE)” |

[__IA%I jA?Ru)i|

= .

Theorem 4.3 Let ;, (j = 1,2, ...,7;) be a set of RSIVNPFWA, where

. o~ - o~ .
x =infx;;, “x =supxiy, 1 =supny;, 1 =infn,
<~ ~—

N ,../\\
4,A5 =inf 4,43 4.A°
N——~

17 )

N

= sup 3; Am ,

N /—’\\
;A% = inf 4, A7, 4,45 =sup 4; AZ] ,
——

17

17 )

—~
4, A% = inf 4,AR 4, A™ = sup 4; AU ,
——

—~
4, AT = inf 4, A% 4, AT = sup :IiAi@“.
——

17

Th 4 A5 4,45 [ AN 4, A% < RSIVNPFW A
en, (( x , n); N ] (X1, g, vy OCp)

< <( gy ‘);[_-IZA%Z,jZA%\“ 4, A% 4 Am> wherel < i < n, j = 1,2,...,i; (boundedness
property).

Proof. Since

- — /—/\
inf 4,47, LAY =sup LAY, LAY =inf $AT, 4 A% = sup LA
N——

_‘IZ'ASZ —
N——

17 ) 17 7 17
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and

)i YD) )
2R
T

IA
N
—
|
@
=3

Il
—_
/N
—
|
[
z
—~
Lo
N
@

2N

4 AR 4 AR = @r (LA 4 @ (AR

(AT + @ (LAT)S
—~ —~

@y (HAT)S + @, (44T

IN
®
&

IN

—~
4AM 4 4,47

Since
x =infx;;, “x =supxiy, 1 =supny, ~n = infny,
<~ ~—
and
X <xi; <"x 5 "nm <n; < n,
<~
we have

= ~ =
O g x <Oiax; <Ol x, Ol n <O 6ny <OLi6 1

Hence,
— 6\ 2 — 6\ 2N
B (R oy ey
1% X —— ~——
2 /—/\2 —~ =
+1 — \/®?1(—"1'/1%1)%”/@?1(—‘@14%”)9
i\ ’ siy\ 28
(-t (1= 3/a)) +(1 o (1- 3/543)")
Dn lngzg
2 » \/ __IAS?Z Si \/®z 1 __iA%u
[ n 2R /_/? Si - n 28 /_/? Si ™
o A~ |1 ®i=1<1 - (:IiAij )) +11- ®i:1<1 - (——IiAij ))
< 1% X
- 2
+1 Jor jAm ‘ \/®1 (3 AR
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. Ry) Su R Ru
Therefore,<( X . o1 )AL, A% (AR A ]>gRSIVNPFWA(o<1,...,o<n)
=N AN
AN AN T ASE T ASu R pARu
< (O[S, A%, (4R, AR,

Theorem 4.4 (Monotonicity property) Let o<; and W; be families of RSIVNPFWAs. For any 1, if Xti; <
then RSIVNPFWA(xy,...,x,) < RSIVNPFWA(W;y,...,W,),where j =1,2,... i,

Proof. For any i, x¢,; < ny,,. Therefore,

D?:lxtij < D?:Whij :

Also,
VAT SHAT <\ JHAT Az
Hence,
1= R/ 4AF 41— /4,48
>1— R/ JAF 41— R/ A7,
Si Si
®?:1 (1 o QN/——IiAgl) + ®?:1 (1 o 2N/—_|iAgu>
" o 3 Si n ox ~ Si
> @izl (1 — A/ —_IzAﬁl> + <>Bi:l (1 Y jzAﬁ?) )
Gi\ 2N Gy 2R
(1 —®", <1 — N 4A7 + (1 — ®, (1 — 4/ j@-AET“) )
Si 2R Si e
S (1 . ®?:1 (1 _ QN/_—liAi,l> > + <1 - @?:1 <1 — QN/—_IzAiu> ) .
For any 17,
SAT 4 AR > AT 4 AR
1] 1] 1] 1]
Therefore,
. @ HAT + @, 4 AR o D AT + @ AT
2 - 2 '
Hence,
o\ 2 o\ ™
n (1 ®ie1 (1 - 2\N/ —‘iz‘AS'l> ) +<1 ®iz1 (1 - 2\N/ jiA%“) )
LIis1 Xij X
2 n . n u
\/@lzl——lei}Z"!‘\/@l:l——llAi}f]
+1 - 5
Si o Si 2n
(e ) (o (- )
< i:;Xhij % .
VO AR+ L AT
+1 - 2
Hence,

RSIVNPFWA(xy,...,ox,) < RSIVNPFW AW, ..., W,).
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4.2 RSIVNPF weighted geometric (RSIVNPFWG) operator
Definition 4.2 Let ; be a set of RSIVNPFNs. Then the RSIVNPFWG operator is defined as
RSIVNPFWG(xy,...,0,) =® ¢, i=1,...,n.
Theorem 4.5 Let ; be a set of RSIVNPFNs. Then

(@ X @ ); | @y (AT, @, (HAT)

[ <1 — ®iy (1 - % iz-AiRl)%)m : (1 — @, (1- Q,N/jiA?uY")QN]

Theorem 4.6 If all «x; are equal, then
RSIVNPFWG(xq, Xa, ..., X,) = X.

Remark 4.1 The RSIVNPFWG operator exhibits boundedness and monotonicity.

4.3 Generalized RSIVNPFWA (RSGIVNPFWA) operator

Definition 4.3 Let ; be a set of RSIVNPFNs. Then the RSGIVNPFWA operator is defined as

RSGIVNPFWA(xy, ..., o) = (Or a0 ™ R0,

i

Theorem 4.7 Let ; be a set of RSIVNPFNs. Then
RSGIVNPFW A(xy,...,X,) =

<( i:lgl‘X?>1/N7 ( 7;:1977?)1“);

(10— e - /@A), (1 - e - Jf @A)
- 2§/®?1((1“ 2/ (3AR) )P, (1~ \/ @iy (1— 3 (dAR) )2

Proof. First, observe that

(D?:1<¢X§, D?’:ﬁm?) :
O st = | |(1= @y 3/ AP, (1= @i, 3 (3472
[ @i (1= B AR, @, (1= ) (AR

(cxt + X2, am' + n))
[ (VG + A VEAT
Ve - veae )"
61 o<1 ey ocp= <2§/( A (jiAcfu)N)“w + 3/( QW)QZN
- vaEy A yaae )
Y/GEA) T ((VEAY)
Y/GEAFN) - ((VEARR)

Put n = 2 for simplicity.

2N 7

10
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In general,

m

N
15X LI

(st e,
(s (7))
[ ((3fm)")

If n =m + 1, then

2R

ST )
(o)
o, ((3/am)") |

)

D?,;lgioch + §m+10($n+1 = D?:rllgl(x$
Hence,
[ (Di’lﬁlgx?, Ortm ) ]
Si 2R Si 2x
DZL_'EQO(? = [(1 — @27:;11 <1 — QN/(jiA?l)N> ) (1 . ®?L>+11 (1 N QN/(——IZ'A?U)N> ) }
R\ 2R R\ 28
(1= (- eam)") ) e (- (- §eam)’) )]
Also,
(Dzl_;lCiOC?)l/N =

Dm+1

m+1
i1 O

i1

(Exant) ™ (
(1 . 2N/(__IiA;\‘gl)N)gi>2N <1 s

m+1
i—1

{(1—@

1/
§i77?>

(0= )|

m+1
i—1

(1= fomn (- - 3oam) ™)™ (- e (- 0 - aam))™)"]

Remark 4.2 If X = 1, then RSGIVNPFWA operator changes to the RSIVNPFWA operator.

RSGIVNPFWA (<1, X2, ..., Xp) = X.

4.4 Generalized RSIVNPFWG (RSGIVNPFWG) operator

Definition 4.4 Let ; be the set of RSIVNPFNs. Then

1
RSGIVNPFWG(oxy, s, ... N

, OXn)

Theorem 4.8 Let ; be the set of RSIVNPFNs. Then

(@ (o).

1
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RSGIVNPFWG( <y, X3, ..., 0,

(% i (Nxa), §®i.—>1 (an’)gz>

[(1 @ ( 4 AR 2““) ( @, (1- A (jiA?fu)N)M)N}

Remark 4.3 If X = 1, then RSGIVNPFWG operator reduces to the RSIVNPFWG operator.

5. RSIVNPFS concept via MADM
Let
X = {O<l>o<27"'7o<n}7 02{017027“'70771}7 w:{§17§27"'7§m}7

and let
ocij = ( (g mig)s AT, AS, (AR, AR)

be the RSIVNPFN of alternative o; in attribute C;. Since

AT A LAY, A € [0,1]

5

and

< (HA2(p \/ J ALY (o \/ JAR()) < 1,

I=T] (43, AL, AT).

A decision is made using the algorithm described below.

where

5.1 Algorithm

Step-1: Form the RSIVNPF choice data.
Step-2: Normalize the decision matrix

V = (O(ij)nxm into V = (Ocij)nxm

by setting
oxij = ( (s Mg )s (AT, AT, [5AR, 4% )
with
o= N T LAS = A, AT = A3
Tosupi(xg)” Y sup(mg) X v Y Y

Step-3: Aggregate RSIVNPF values for attribute C in o;:

o = ((Oxo LAY, 4D, LA, 547

Step-4: Determine the positive and negative ideal values:

xt = <(supxl],1nf17w) 1, 1], [0,0]>, X = <(1nfxw,sup77”) [0, 0], [1,1]>.

(- Fera(1-0 _Mwwﬂ (1= Foma(1- (- gfEar))™)"]

12
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Step-5: Compute the Euclidean distance:

V:_ = VE(OC“ OC+), V., = VE(OCZ',OC_).

)

Step-6: Compute the relative proximity:

V-
Vi=crco
V:I+V,
Step-7: Output the optimal result:
sup V.

! ; = |

[ it s ] [ Weighted geometric ] [Germﬁmdm'qimd J [ Genardzed weied

Fig. 1. Flowchart of the algorithm

5.2 Real-life applications

Pattern recognition is the act of detecting and categorizing patterns in data, both in human and
computer settings. The three major kinds of artificial intelligence (supervised, unsupervised, and
semi-supervised learning) each have their own way of finding patterns. Furthermore, pattern recog-
nition algorithms may be classified based on their methodology, which includes template match-
ing, neural network-based, statistical, and structural techniques. We have selected several pattern

13
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recognition tools at random: speech recognition, fingerprint recognition, handwriting recognition,
template matching, and image processing. Four criterion categories are used: data collection and
preparation, feature extraction, similarity evaluation, and decision-making, with respective weights
{0.4,0.3,0.2,0.1}. Based on expert assessments of the criteria, our goal is to select the best option.
Tables 1 and 2 show the decision values.

Table 1
Decision values
Cq Cy
ox1 | ((0.8,0.75);[0.44,0.45],[0.45,0.47]) | ((0.7,0.65);[0.41, 0.43],[0.43, 0.45])
xo | {(0.75,0.6);[0.45,0.5],[0.3,0.35]) ((0.8,0.5);[0.5,0.55],[0.25, 0.3])
3 | ((0.7,0.55);[0.4,0.42],[0.25,0.28]) | ((0.9,0.75);[0.4,0.43],[0.38,0.4])
x4 | {(0.75,0.6);[0.35,0.4], [0.5,0.55]) ((0.75,0.7);[0.5,0.55], [0.45, 0.5])
x5 | ((0.8,0.65);[0.4,0.65],[0.3,0.65]) ((0.75,0.6); [0.55,0.6], [0.25, 0.55])
Table 2
Decision values
Cs Cy
X1 0.65,0.6);[0.4,0.41],[0.31, 0.32]) 0.55,0.5);[0.4,0.41], [0.53, 0.55])

(( [ ] ((

((0.55,0.5);[0.6,0.64], [0.6,0.64]) | ((0.65,0.45); [0.55,0.58], [0.58, 0.6])
s | {(0.5,0.3);[0.35,0.38],[0.38,0.4]) | ((0.7,0.35);[0.4,0.41], [0.38, 0.4])

((0.8,0.65);[0.5,0.55], [0.45,0.5]) | {(0.75,0.65); [0.35,0.38], [0.25, 0.3])

((0.85,0.7);[0.6,0.65], [0.55, 0.65]) | {(0.8,0.45); [0.25,0.28], [0.45, 0.55])

Tables 3 and 4 provide a decision matrix for normalized data.

Table 3
Normalized decision values
Cy C
o1 | ((1,0.9375);[0.44,0.45], [0.45, 0.47]) ((0.7778,0.8048); [0.41,0.43], [0.43, 0.45])
xo | ((0.9375,0.64);[0.45,0.5],[0.3,0.35]) ((0.8889,0.4167); [0.5,0.55], [0.25, 0.3])
x3 | ((0.875,0.5762);[0.4,0.42],]0.25,0.28]) | {(1,0.8333);[0.4,0.43],[0.38,0.4])
x4 | ((0.9375,0.64);[0.35,0.4], (0.5, 0.55]) ((0.8333,0.8711); [0.5,0.55], [0.45, 0.5])
x5 | ((1,0.7042);[0.4,0.65], [0.3,0.65]) ((0.8333,0.64); [0.55,0.6], [0.25, 0.55])
Table 4
Normalized decision values
Cs Cy
o1 | ((0.7647,0.7912); [0.4,0.41], [0.31,0.32]) | {(0.6875,0.6993);[0.4,0.41],[0.53,0.55])
xo | ((0.6471,0.6494);[0.6,0.64],[0.6,0.64]) | ((0.8125,0.4793);[0.55,0.58], [0.58, 0.6])
3 | ((0.5882,0.7571);[0.35,0.38],[0.38,0.4]) | ((0.875,0.2692);[0.4,0.41],[0.38,0.4])
x4 | ((0.9412,0.7545);[0.5,0.55],[0.45,0.5]) | ((0.9375,0.8667);[0.35,0.38],[0.25, 0.3])
x5 | ((1,0.8235);[0.6,0.65], [0.55,0.65]) ((1,0.3894); [0.25,0.28], [0.45, 0.55])
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Table 5

RSIVNPFWG operator
Option | RSIVNPFWG operator (X = 1)
x; ((0.855,0.8446),[0.0121,0.014], [0.0133, 0.0162])
55 ((0.8523,0.5588), [0.0374, 0.0562], [0.0091, 0.016])
54 ((0.8551,0.5588), [0.0087,0.0116], [0.0044, 0.0062])
x, ((0.907,0.7549), [0.0129, 0.0216], [0.0112, 0.0204])
x4 ((0.95,0.6773),[0.0153,0.0421], [0.0062, 0.0777])

Determine the optimal values for both positive and negative:

XT = ((0.95,0.5588),1,1,0), = = ((0.8523,0.8446),0,0,1).

The ED values for each choice under the various ideal values are as follows:

Vi =0.5314, V§ = 0.5589, V5 = 0.5585, Vi = 0.5128, Vi = 0.5009.

and

Vi =0.5214, V, =04707, V5 =04711, V,; = 0.5262, V; = 0.5309.

The following are the relative proximity values:

Vi =0.4953, V; = 0.4572, V3 = 0.4545, V; = 0.5065, Vi = 0.5145.

The alternatives ranking is
X5 = Xg4 = X1 2 X3 2> Xa.

Digital image processing oc; is the process of utilizing a computer to analyze and edit images in
order to make them easier to read by humans and to extract visual information for activities such
as rapid transmission, storage maintenance, and pictorial data extraction. Therefore, digital image
processing o5 is optimal.

5.3 Comparison of proposed methods and existing models

The RSIVNPFWA, RSIVNPFWG, RSGIVNPFWA, and RSGIVNPFWG techniques are utilized to repre-
sent the information above using ED and HD, respectively. The distances are classified in Tables 6 and
7.

Table 6
Proposed existing methods for values
=1 WA WG GWA GWG
TOPSIS-Euclidean X 2> Xg 2> X] | Xp 2> Xy 2> X1 | X 2> Xy > X] | Xy > Xy > Xy
distance (proposed) | 3 > o3 X9 > X3 X3 > Xy X9 > X3
TOPSIS-Hamming X| 2> X3 2> Xy | Xg 2> Xz > X5 | X 2> Xg 2> 04 | X4 > Xz > X5
distance (proposed) | oy > o5 X9 > X1 X9 > X5 X9 > X1
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Table 7
Proposed existing methods for values
N=1 WA WG GWA GWG
Euclidean distance [9] Xg 2> X4 2 Xg | X 2> Xy 2> Xg | Xg 2> Xy 2> Xg | X > Xy > Xg
X > O3 X > X3 X > X3 X > X3
Hamming distance [9] Xp > X4 > Xg | X5 2> Xy > X1 | X5 > Xg > Xy | X > Xy > X7
X1 > X3 Xg > X3 X1 > X3 Xg > X3
Figure 2 shows the EDs of suggested and present models.
0.7
0.6
0.5 -
0.4
=¢=—ED (Proposed)
0.3 =M—Yang et al. (2020)
0.2
0.1
0
WA WG

Fig. 2. Graphical representation of EDs

Figure 3 shows the HDs of suggested and present models.

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

HD (Proposed)

Yang et al. (2020)

uWA

Fig. 3. Graphical representation of HDs
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6. Conclusion

This research introduces new weighted operators, including averaging and geometric operators.
These operators possess several properties, such as monotonicity, boundedness, idempotency, asso-
ciativity, and commutativity. A variety of criteria for the aggregate operator have been considered. We
explored several aggregation approaches for RSIVNPFSs and presented some findings in the process.
We proposed AO principles for RSIVNPFWA, RSIVNPFWG, RSGIVNPFWA, and RSGIVNPFWG operators
to be used in situations where confusing or conflicting information exists, giving individuals the option
of making an appropriate response. Prioritizing the various possibilities is important before ranking
them. The generalized values of N and their impact on the ranking of alternatives are also discussed.
Before setting N values, decision makers should evaluate the real circumstances to determine the op-
timal option.

We plan to continue studying symmetric operators, power operators, Hamacher operators, Dombi
operators, and Einstein operators, among other topics. The following subjects will be covered in fur-
ther detail: (1) The Diophantine FS with interaction AOs and the Diophantine square root FS. (2) Dio-
phantine normals defined in different sets, including the Diophantine normal spherical set and the
Diophantine normal FS.
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