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Vikor Method Based Supplier Selection Under Nonlinear Diophantine Rough Fuzzy
Environment

Gohar Fareed and Aliya Fahmi

ABSTRACT: Uncertainty and imprecision are inherent in real-world decision-making problems, requiring ro-
bust mathematical frameworks for accurate modeling. This paper introduces a novel approach by integrating
vikor method with Non-Linear Diophantine Rough Fuzzy Sets (NLDRFS) to enhance information represen-
tation and processing in uncertain environments. The proposed model leverages the flexibility of rough fuzzy
sets to handle vagueness, while the vikor method provide a smooth, nonlinear aggregation mechanism that
improves decision-making efficiency. Furthermore, the Diophantine structure introduces a new dimension of
mathematical rigor, allowing a more precise approximation of uncertainty. We explore theoretical properties,
develop algebraic operations, and illustrate practical applications in multi-criteria decision-making (MCDM)
and pattern recognition. Comparative analyses demonstrate that our proposed framework outperforms exist-
ing rough fuzzy set models in handling complex uncertainties.

Key Words: Rough fuzzy sets, vikor method, Diophantine fuzzy sets, nonlinear aggregation, decision-
making.
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1. Introduction

In real-life decision-making, dealing with vague and uncertain data has become a significant challenge.
To address the complexities and uncertainties inherent in real-world problems, Zadeh [1] introduced the
concept of fuzzy sets (FS). While fuzzy sets were a breakthrough, they did not account for the pos-
sibility of negative opinions or uncertainty from experts, which created limitations in tackling real-life
problems. To overcome this, Atanassov [2] extended fuzzy sets by proposing intuitionistic fuzzy sets
(IFS). This new approach introduced a mechanism where the sum of membership and non-membership
degrees is constrained between 0 and 1, providing a more comprehensive way to represent uncertainty
and expert opinions.In some real-life decision-making scenarios, the sum of the degree of membership and
non-membership, as determined by experts, can exceed one. To address this issue, Yager [3] introduced
the concept of Pythagorean fuzzy sets (PFS). PFS allows for membership and non-membership degrees,
where the sum of their squares is less than or equal to 1. However, even with this approach, there
are situations where the sum of the squares can exceed 1 , and these cases cannot be fully addressed
by PFS theory. To tackle this limitation, Yager [4] proposed the g-rung orthopair fuzzy set (q-ROFS),
which introduces a more flexible condition. The key advantage of q-ROFS is that the value of q can be
determined by the decision makers (DMs), giving them more flexibility in defining the membership and
non-membership degrees. To address these limitations, Riaz and Hashmi [5] introduced the concept of
Linear Diophantine Fuzzy Set (LDFS) by incorporating reference parameters into the definition of fuzzy
sets. These reference parameters allow LDF'S to overcome the constraints faced by traditional fuzzy sets,
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offering a more flexible and efficient method for handling uncertain data. The introduction of reference
parameters significantly broadens the scope of theoretical knowledge, making it more inclusive and ap-
plicable to a wider range of problems. Information measures such as distance, similarity, and entropy
play a crucial role in various fields, including medical diagnosis, clustering, and pattern recognition. The
distance measure helps differentiate between two fuzzy sets, enabling us to assess how far apart they
are. The similarity measure is particularly useful for dealing with vague and uncertain data, as it helps
determine the degree of similarity between fuzzy concepts, guiding us towards a final decision. The en-
tropy measure not only gauges the degree of uncertainty or fuzziness in fuzzy sets, but it is also widely
used for attribute weighting in multi-criteria decision-making (MCDM) problems. Over the years, these
measures—distance, similarity, and entropy—have gained increasing attention from researchers. They
are now recognized as essential tools for quantifying and managing uncertain information, making them
invaluable in decision-making processes and various applications across different domains. Atanassov [6]
was the first to introduce a distance measure for intuitionistic fuzzy sets (IF'S). Later, Burillo and Bustince
[7] expanded on this by providing distance measures and entropy measures for IFSs. Szmidt and Kacprzyk
[8] introduced new definitions for distance measures applied to IFSs. Grzegorzewski [9] further refined
these measures by defining distance measures for IFSs based on the Hausdorff metric. Wang and Xin
[10] introduced several new intuitionistic fuzzy distance measures to address various needs. In addition,
Hung and Yang [11] developed multiple fuzzy similarity measures for IFSs, including two new similarity
measures. lancu [12] proposed similarity measures for IFSs based on min-max operators. Gohain et al.
[13] defined a novel distance measure grounded in the concept of information within IFSs, which they
applied to pattern recognition, medical diagnosis, and even the decision-making process for selecting face
masks during the COVID-19 pandemic. Lastly, Joshi and Kumar [14] proposed an «-ordered entropy
measure for IFSs, demonstrating its application in multi-attribute decision-making (MADM) problems.
Thao [15] developed an entropy measure for intuitionistic fuzzy sets (IFS) based on divergence measures,
using this entropy to determine criteria weights for solving multi-criteria decision-making (MCDM) prob-
lems. Zhang and Xu [16] introduced a distance measure for Pythagorean fuzzy sets (PFSs) and extended
the TOPSIS method to work with PFSs. Building on this, Peng et al. [17] proposed distance, similarity,
and entropy measures for PFSs, exploring their interrelationships and applying them to areas such as
pattern recognition, clustering analysis, and medical diagnosis. Biswas and Sarkar [18] defined an entropy
measure for PFSs based on distance measures, applying the proposed entropy to determine the weights of
criteria in decision-making processes. Hussian and Yang [19] introduced distance and similarity measures
for PFSs, again using the Hausdorff metric, and applied these measures to the PF-TOPSIS method.
Ejegwa [20] provided an axiomatic definition for distance and similarity measures in Pythagorean fuzzy
sets (PFSs), and extended several existing distance and similarity measures from intuitionistic fuzzy sets
(IFS) to PFS. Sarkar and Biswas [21] proposed new distance and entropy measures for PFSs, developing
an entropy-based weight model to determine criteria weights for Pythagorean fuzzy multi-criteria decision-
making (PF-MCDM) problems. Wan et al. [22] introduced an entropy measure for PFSs to calculate
attribute weights. Additionally, Yang and Hussain [23] defined Pythagorean fuzzy entropy measures
using probabilistic-type, distance, and min-max operators. Thao and Smarandache [24] introduced an
entropy measure for Pythagorean fuzzy sets (PFS), extending the entropy measure of intuitionistic fuzzy
sets (IFS), and used this proposed entropy to calculate weights in the COPRAS method. Xu et al. [25]
provided a new definition for the entropy measure in PFS and applied the entropy weight formula to solve
multi-criteria decision-making (MCDM) problems. Peng and Liu [26] proposed several g-rung orthopair
fuzzy information measures, including distance, similarity, entropy, and inclusion measures, and explored
the relationships between them. They also applied the similarity measure to fields like pattern recogni-
tion, clustering analysis, and medical diagnosis. Peng and Dai [27] presented formulas for distance and
similarity measures, along with two algorithms to solve -ROF decision-making problems using CODAS
and multi-parametric similarity measures. Pinar and Boran [28] developed a new distance measure for
g-rung orthopair fuzzy sets (¢-ROFS) and applied it in g-ROF TOPSIS and ¢-ROF ELECTRE methods.
Verma [29] introduced an a-ordered entropy measure for ¢-ROFS, using it to determine attribute weights
for solving MCDM problems. Liu et al. [30] defined entropy measures for ¢-ROFS to obtain attribute
weights, further enhancing decision-making processes. In the context of Linear Diophantine Fuzzy Sets
(LDFS), Mohammad et al. [31] and Giil and Aydogdu [32] independently introduced the Euclidean and
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Hamming distance measures, both in parallel. Additionally, Mohammad et al. [31] generalized these dis-
tance measures and proposed several similarity measures for LDFS, applying them to medical diagnosis
problems. Giil and Aydogdu [32] introduced the first entropy measure for LDFS and utilized this entropy
measure to calculate attribute weights in a novel extension of the LDFS-TOPSIS method. The extension
of LDF'Ss has been further explored by various researchers. For instance, Riaz et al. [33] defined spherical
LDFSs, while Mahmood et al. [34] introduced interval-valued LDFSs. Almagrabi et al. [35] proposed
g-LDFSs and aggregation operators for ¢-LDSS. Kamac: [36] defined complex LDFSs and proposed simi-
larity measures for these complex LDFSs. Ashraf et al. [37] proposed a generalization of g-LDFSs, which
they called spherical g-LDFSs. Additionally, Riaz et al. [38] introduced prioritized aggregation operators
for LDFS to solve the problem of selecting the best third-party reverse logistics provider. Alnoor et al.
[39] extended linear Diophantine fuzzy rough sets (LDFRSs) to multi-criteria decision-making (MCDM)
and applied them to the issue of sustainable transportation. Over the years, many MCDM methods
have been developed to address real-life problems involving different alternatives and multiple criteria
in the decision-making process. These methods play a crucial role in helping decision-makers navigate
complex choices with diverse factors. Fuzzy logic has been widely utilized in the literature to address the
uncertainties that arise during the decision-making process in multi-criteria decision-making (MCDM)
methods [40], [41], [42], [43], [44], [45], [46], [47]. One of the key challenges in MCDM problems is deter-
mining the importance or weight of each attribute when evaluating the criteria. In the literature, there
are two main types of weighting methods. The subjective weighting method involves assigning weights
based on the decision-makers’ preferences and judgments, usually represented numerically. On the other
hand, the objective weighting method determines the weights through mathematical models, without
considering the decision-makers’ personal preferences. One widely-used objective weighting method is
entropy. In the entropy-based method, the importance of an attribute is determined by the degree of
dispersion or variation in the evaluation of different alternatives. One of the well-known multi-criteria
decision-making (MCDM) methods is VIKOR (VIsekriterijumska optimizacija i KOmpromisno Resenje).
VIKOR focuses on proposing compromise solutions that help decision-makers reach a final decision in
MCDM problems, especially when dealing with non-commensurable and conflicting criteria [48]. The
method aims to maximize the ”group utility” of the majority while minimizing the individual regret
of the ”opponent,” ultimately providing more reasonable and balanced sorting results. The rest of the
material is organized in the following fashion:In Sect. 2, the main ideas are explained. In Section 3,
we define the operational laws of NLDRF data. In Sect 4, we define the MCDM method and develops
the numerical example for teaching excellence assessment of global sequence in advanced occupational
schools. Some conclusions and future work are presented in Sect. 5.

2. Backgroud

Definition 2.1 [30] Let us consider that ® # X and by a fuzzy set v = { <$;ﬂg(§%> }, Poy(z) 8 @

mapping from X to [0,1] present membership task of an component x in X .

Definition 2.2 [31] Let Gy = [£1, x1] and G2 = [£2, x2] be two IFNs, XA > 0, then
G1 @ G2 = [(& + & — L&), (X1, x2)],
G1® G2 = [(L162), (x1 + x2 — xax2)],
MGy = [1—(1=&)"xal,
G =[N 1= (1 =x)M.

Definition 2.3 [/5] Let G1 = {[¢1, x1],71) and G2 = ([2, X2] ,72) be two CFNs, X\ > 0, then
G1oGr=([(&7 +& —&76), (G +x5 —xTxa) (r,7m2));
Gr1®@ Gy = ([(67&), i xa )71, m2) 5
AGr=([1-(1 &)1 =0 =x)Mr)s
G = ([N )L 1= =)

Definition 2.4 [/5]Let G1 = {([&1,x1],71) be the CFNs, then the score function is presented as H =
([€1+x1]—71)
S .
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3. Non Linear Diophantine Rough Fuzzy Set
Definition 3.1 Let R be refrence set. A non linear diophantine fuzzy rough set D is defined as D = {<

—N— — ——
Q,%up(Q),”Bp(Q) >< np(Q),*6p(Q) : Q € R >,
<Q,%up(Q),”Bp(Q) ><?np(Q),?0p(Q) : Q € R>},p=1,2...n,
——— N — —— N —

where “up(Q),? Bp(Q),? np(Q),? 0p(Q)el0,1] and Pup(Q) is membership ¥Bp(Q) non membership
“np(Q),? dp(Q) is parameter . This functions fulfill the limitation

0 <*np(Q)%up(Q)+*p(Q)*Bp(Q), “np(Q)*un(Q) +*0p(Q)*Ap(Q) <1

—— — —— —
<Q,"up(Q),"Bp(Q) > < Q, ug(Q), “Be(Q) >
" <"np(Q),"0p(Q) : Q € R >, 2 <ne(@),794(Q) 1 Q € R >,
Definition 3.2 Let D = <Q,%up(Q),?Bp(Q) > , and G = < Q,%ug(Q), “Ba(Q) > b
—— —— —— ——
<np(Q),7p(Q): Q € R> <ne(@),706(Q): Q€ R>
—— —— N— N —

two NLDRFS on R then
——
< Q,%up(Q),"Bp(Q) >

——
1. pe—d <'m(@),7p(Q):QeR>,
’ < Q7WUD(Q)7 LP/BD(Q) >
N—— N——

<np(Q),%5p(Q): Q€ R>
N—— N———

2:D=0G if and only if

“ua(Q) = “up(Q),?Ba(Q) = *Bp(Q), “na(Q) = “np(Q), ?64(Q) = ¥0p(Q), Pup(Q) = Pus(Q)
“B6(Q) = ?6p(Q), “na(Q) = "1p(Q), 764(Q) = ¥4p(Q)

——— e e e e N —

3:D C G if and only if

— — T S T

Fug(Q) 2 “’UD(Q) ‘Pﬁ@(Q) > Bp(Q), " 1a(Q) = “np(Q), ¥64(Q) = ¥0p(Q), Pup(Q) = Pus(Q)

“Be(@) = S‘JBD (Q), 764(Q) = ¥p(Q)
H,_/ ——— — ' N——
/—/A
max( (@), Pup(Q)) >
/—/H
bLG uin3,() i)
max(¥ ( ( ) > QeR
min( ‘9(5 “0p (Q))

ma; (‘puG “"uD ))
D win(5el@) 0@ >
\‘,_./

max( ¢(Q)-F10(Q)
<mm< 35(Q), 260 (Q >>>’QER

——

/—’H
Q<mm< Q)% <>>>
s /—’H/—’H

max(*4(Q), “5n(Q))

/—’H
<mm( 16(Q) % <>>>:Q€R
max(54(Q). %6 (@)

5DNG =



VIKOR METHOD BASED SUPPLIER SELECTION UNDER NONLINEAR DIOPHANTINE ROUGH Fuzzy ENVIRONMENTH

o

min(*7¢(Q) - #np(Q))
< max(*05,(Q), 790/(Q)) > Qe
— o N——

min(*ue(Q), “up(Q))

N—— N——

max(*B4(Q), #80(Q)) >
N—— N——

A~
<*up1, *Br1 >,

AN AN
<#nr1,%0p1 >

Definition 3.3 Let R, = ’ ) and Ry =

< Pupi,?Br1 >,
S~

< *®nr1,%6R1 >
— S~

on R and K >0 then

1)R1+R2 =

2)R1 * R2 =

3)kR, =

4)RY =

~ N~ N A
“ur1 +Purs —Pur1 Yur2, ¥ 51%1 S‘)ﬁRz
/-’\
7731 + “DURQ —*NRr1 PNR2, "951%1 “"51%2

PupRy + 9OURQ —Pup1 “ur2, *Br1 “Br2 ),
N~ et Vg g

<¢77R1 +%Nr2 — PNRr1 PNR2, YOR1 POR2
\.\/ e N N N~

N~
AN e N e Ve N
“ur1 “ug2, wﬂm +¥Br2—YBr1¥Pr2 ),
AN AN AN AN
nr1 "nR2, %m + Y02 — ¥0R1 ¥OR2

N~ N~

<<P“R1 UR2, Wﬁm + “aﬁm —?Br1 <'°5R2>
< Nr1 “NRr2, ¥Or1 + S"5132 - S05121 5R2>
e N~

@ @
< Pupe, ?Br2 >,

AN AN
< ¥nr2,¥0R2 >,
< Pupa,?Br2 >,
S~

< “NRr2,¥6R2 >
N~

be two NLDRFNs
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<*up(Q),”Bp(Q) >
,_/\_\G_/\_\
Definition 3.4 Let D = (@), *op(Q) >, be an
“’UD( ), “Bp(Q) >
————
<“np(Q )“’5D( ) >
—— ——

NLDRFS.The mapping s:NLFRS(R)— [—1,1] is called score funtion

—— — /—M

(Pup(Q) - *Bp(Q) +(*np(Q) - “op(@)+(up(Q) - *6p(Q) +("1p(Q) - ¥0p(Q))
—_———— —— \W_/ ——

S(R) = 1
Definition 3.5 Let D = ¢ < p(Q)."Bp(Q) ><"np(Q).*op(@Q) >, U\ 7 hppe
ernnition . e = <<P’LLD(Q),SDBD(Q) S < LP’I’]D(Q)7W(5D(Q)> e an . e map—
———— —— ———— ——

ping A:NLFRS(R)— [—0,1] is called score funtion

—— N

(Fup(Q)+?Bp(Q) +2(*np(Q).¥0p(Q) +(Pup(Q) + B (Q)+2(*np(Q) + 7p(Q))
——— —— —_——— ——

A= 1

Definition 3.6 An entropy measures e is a mapping e : NLDRF(R) — [0, 1] provide every feathure for
every

D,Ge NLDRFN(R)

E1) e(D) =0 if and only if D is crisp set

—— — ——
E2)e(D) =1 if up(Q) = *Bp(Q),*up(Q) = ¥Bp(Q),*np(Q) = “0p(Q), *np(Q) = ¥6p(Q)
—_— = —_—
E3)e(D) = e(D*)
~ N N —— —

E4)e(D) < e(G) it means D is less fuzzy than G i.e D E G for Pus(Q) < ¥Ba(Q) and

—— — N —— —

na(Q) < ¥66(Q), “us(Q) < #B(Q) and Pne(Q) < ¥64(Q) or G E D for Pus(Q) = ¥B4(Q) and

—_—— = N
—N— —
16(Q) > %05(Q), Pus(Q) > #Ba(Q) and “ng(Q) > #o4(Q)
—_—— = —_— =
—— — ——
let D = {< Q?LPUD(Q%(FBD(Q) >< SOTID(CQ)aSO(SD(C?) : Q €R >,
< Q,%up(Q),?Bp(Q) >< np(Q),?dp(Q) : Q € R >} be an NLDRFS on reference set R. we define
—— —— —— ——

a mapping on NLDRFN as fellow
—— T
“up(Q1) *np(Qi) - ¥Bp(Q1) ¥6p(Q1)

n 1—

~Pup(Qi) #np(Qi) - Bp(Q1) ?0p(Qi)
Pup(Qi) np(Qi) - ¥ Bp(Q1) ?op(Qi)
—_— Y

e(D)=1

n
=114

Pup(Qi) “np(Q7) - ¥Bp(Qi) “op(Qi)| 1~

4. NLDRFS Proposed Entropy-Based Vikor Method

The VIKOR method is a powerful tool used to identify the best alternative by evaluating how closely
each option aligns with the ideal solution. One of the main advantages of using VIKOR is its ability
to find a balanced, compromise solution that takes into account the trade-offs between different criteria.
The process for applying the VIKOR method can be summarized as follows:

Step 1: construct the decision matrix M = [m;j]m+n with the help of NLDRF data

—N— — —N— —
R ={<"up(Q),”Bp(Q) ><*np(Q),*0p(Q) >, < Pup(Q),?p(Q) >< *np(Q),?0p(Q) >}
—— N — —— N —

Step 2:Establish the normalized decision matrix M* = |
m}; = {m;; for benefit criteria (BC)
(my;) for cost criteria (CC)
~ =~ ~ =~
where (m;;)¢ = <“"BRU, ‘puRij> , <“0<5Rij, ‘Pm:gij> denotes the complement of m,;

*
mij]m*n as follow
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Step 3:Calculate the weight of criteria by using entropy measure as follow
1767’
w *

D ey
j=1

where e; is entropy of jt" criteria. Here we use the following entropy measure e

—N—— —
& 1-[Pup(Qi) *np(Q1) - ¥ Bp(Qi) *op(Qi)|  1-[Pup(Qi) *np(Qi) - ¥ Bp(Qi) ¥ p(Qi)
e(D) = = - . . * v v v v
i=1 14| Pup (Qi) ¥np(Qi) - ¥ Bp(Qi) ?6p(Qi)|  1-|Tun(Qi) Pnp(Qi) - ?Bp(Qi) #0p(Q1)

Step 4:Determine the non linear diophantine rough fuzzy positive ideal solution (p;)
and non linear diophantine rough fuzzy negative ideal solution (IV;)

0, {max"’uRj for BC |
uRj ~— Umin¥ ug; for CC’
Lpﬁ—i_ _ min® Br; for BC |

Rj max¥ Bgr; for CC?
~ =
w. + _ ymax¥ngrj for BC |
nRj ~ lmin¥ ng; for CC?

/;:5? . { min¥ dr; for BC |
Rj = lmax¥ §r; for CC?

0, — _ {min“’uRj for BC |
U = Vmaxe up; for CC?
~ =

“”ﬁf _ {max“’ Brj for BC

Rj = Umin¥ Br; for CC”

~ = .

©. . — _{ min® nR; for BC .
"IRj = \max® nr; for CC’

:;(;1\ o {max“" dpr; for BC
Rj = lmin® dr; for CC"

Lpqu o max¥ ugr; for BC
Rj min¥ ur; for CC?
~—~—~

@64- _ { min® Br; for BC |
Rj ™ lmax¥ Bgr; for CC?

%} +' — {max“’ TRj for BC ,
nR] min?¥ nr; for CC?
~—~—

@64- o { min¥ dr; for BC |
Rj 7 lmax® 6r; for CC”
—~—
w0, - _ {minw up; for BC |
\u/_z ~ Umax¥ ug; for CC?
max¥ Br; for BC |

YR—
ﬁRj - {min‘r’ Brj for CC»
——

gon—_ _ { min® NRrj for BC .

Rj max® nr; for CC’

——

o5T . — {max"9 dr; for BC
Rj = Umin¥ §r; for CC

——

and then define P; = (“’ugjfp ﬁj.[fj,“’ ngjf 51%) N; = (*Ougj,“" Brj»? Mg * 515;‘)
4.1. Numerical example

Serving billions of consumers in 190 countries, Unilever is a global leader in consumer goods and runs
one of the biggest and most intricate supply chains in the world. Managing its extensive supply network,
shifting demand, and sustainability goals presented major hurdles for the business. The lack of real-time
insight and adaptability offered by traditional supply chain systems resulted in inefficiencies, increased
expenses, and product delivery delays. In order to resolve these problems, Unilever integrated cutting-
edge technology like artificial intelligence (AI), the Internet of Things (IoT), and predictive analytics
into its supply chain as part of a digital transformation strategy. With the use of these tools, the
business was able to minimize waste, optimize inventory levels, and estimate demand more precisely. In
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order to improve transparency and traceability and guarantee ethical raw material sourcing, Unilever
also implemented blockchain technology. The outcomes were outstanding: delivery times were shortened
by 20%, operational expenses were cut by almost 15%, and the business made great strides toward its
sustainability objectives. In addition to increasing efficiency, Unilever’s data-driven strategy enhanced
supplier relationships and raised customer satisfaction. In the current global economy, this example
shows how implementing digital solutions can change conventional supply chains into flexible, robust,
and sustainable systems.

Stepl:we have a decsion matrix with the help of NLDFR numbers

Step 2: now we normalize our matrix

0.3, (0,3, (0,7, [0, 6,
0.1] 0.5] 0.8] 0.1]
(0.5, (0.5, 0.2, 0.8,
0, 6] 0.9] 0.5] 0.9]
[0.09, [0.06, [0.04, [0.06,
0.01] 0.05] 0.09] 0.03]
[0.02, [0.03, [0.01, [0.04,
0.03] 0.02] 0.05] 0.05]
0.3, [0, 8, 0,9, 0,8,
0.2], 0.2] 0.2] 0.1]
0.7, 0.3, 0.6, 0.7,
0.1] 0.1] 0.1] 0.4]
[0.04, [0.04, [0.05, [0.02,
0.06], 0.07] 0.01] 0.05]
[0.08, [0.05, [0.07, [0.07,
0.07] 0.09] 0.03] 0.05]
0.5, [0, 6, (0,6, (0,5,
0.7], 0.9], 0.9], 0.2],
0.2, (0.5, 0.8, 0.8,
0.9] 0.9] 0.7] 0.6]
[0.04, [0.07, [0.07, [0.09,
0.03], 0.04], 0.04], 0.06],
[0.02, [0.09, [0.08, [0.03,
0.05] 0.07] 0.05] 0.07]
[Oa2a [Oa 17 [0,2, [0357
0.7], 0.9], 0.9], 0.3],
0.3, 0.5, 0.2, 0.4,
0.7] 0.9] 0.3] 0.8]
0.04 [0.02, 0.08 0.06
,0.07], 0.07], ,0.05], ,0.03],
[0.03, [0.04, [0.09 [0.06,
| 008 0.06] ,0.05] 0.04]
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i [0.7, 0,7, [0,3, 0,4,
0.9] 0.5] 0.2] 0.9]
[0.5, [0.5, 0.8, [0.2,

0,4] 0.1] 0.5] 0.1]
[0.91, [0.94, [0.96, [0.94,
0.99] 0.95] 0.91] 0.97]
[0.98, (0.97, [0.99, 0.96,
0.97] 0.98] 0.95] 0.95]
0.7, 0,2, 0,1, 0,2,
0.8], 0.8] 0.8] 0.9]
0.3, [0.7, (0.4, [0.3,
0.9] 0.9] 0.9] 0.6]
[0.96, [0.96, [0.95, [0.98,
0.94], 0.93] 0.99] 0.95]
[0.92, 0.95, [0.93, 0.93,
0.93] 0.91] 0.97] 0.95]
0.5, [0,4, [0,4, 0,5,
0.3], 0.6], 0.1], 0.8],
0.8, [0.5, 0.2, [0.2,
0.1] 0.1] 0.3] 0.4]
[0.96, [0.93, [0.93, [0.91,
0.97], 0.96], 0.96], 0.94],
[0.98, [0.91, [0.92, (0.97,
0.95] 0.93] 0.95] 0.93]
[OaSa [0397 [Oa8a [035»
0.3], 0.1], 0.1], 0.7],
[0.7, 0.5, 0.8, [0.6,
0.3] 0.1] 0.7] 0.2]
[0.96 [0.98, [0.92 [0.94
,0.93], 0.93], ,0.95], ,0.97],
[0.97, 0.96, [0.91 [0.94,
i 0.92] 0.94] ,0.95] 0.96] |

Step 3:now we caluculate weight of criteria by using entropy. The weights of criteria are obtained by
using entropy measure. The entropy value of the criteria R; is calculated asfollows:

1—[0.7%0.5—0.9%0.4] | 1—]0.91%0.98—0.99%0.97|
T+]0.7%0.5—0.9%0.4] * 1+|0.91%0.98—0.99+0.97
1

+ 1—]0.7%0.5—0.5%0.1 % 1= 0.94%0.97—0.95%0.98
E(Rl) _ 1 1+0.7%0.5—0.5%0.1 14/0.94%0.97—0.95%0.98
T4 1—]0.3%0.8—0.2x0.5 1—]0.96%0.99—0.91%0.95

1+0.3%0.8—0.2%0.5 * 14/0.96%0.99—0.91%0.95

_’_17 0.4%0.2—0.9%0.1 % 1—]0.94%0.96—0.97%x0.95
1+0.4%0.2—0.9%0.1 1+/0.94%0.96—0.97%0.95

e(R1) = 0.7378,e(R2) = 0.2651, e(R3) = 0.6348, ¢(R4) = 0.3872.
then the weight is

_ 1-0.7378 _
W1 = 7=(077378+0.2651+0.6345+0.3872) 0.1328

other weight of criterian is wy = 0.3721, w3 = 0.1849, w4 = 0.3103

Step 4:positve and negative ideal solutions for R1

—— — =
Pup(Q) ¥Bp(Q) “np(Q) *op(Q) “up(Q) ?Bp(Q) *np(Q) Yip(Q)
——— e N e N e

P 0.7 0.2 0.8 0.1 0.96 0.91 0.99 0.95
N 0.3 0.9 0.2 0.5 0.91 0.99 0.96 0.98

For R2



10

GOHAR FAREED AND ALIYA FAHMI

—— — =
“up(Q) “Bp(Q) “np(Q) Yop(Q) “up(Q) ?Bp(Q) Pnp(Q) 7ip(Q)
—_— —— —— —(—
P 0.7 0.8 0.7 0.6 0.98 0.93 0.95 0.91
N 0.1 0.9 0.6 0.9 0.95 0.99 0.92 0.97 |
For R3 q
—— — — —
“un(@ “nl@) “mo(@ Fonl@) fun(@) f8p(Q) “mp(@) *60(Q)
—_—— —— —— —\—
P 0.5 0.1 0.8 0.1 0.96 0.94 0.98 0.93
N 0.4 0.8 0.2 0.4 0.91 0.96 0.91 0.95 |
For R4 -
—— — =
“un@ “pl@) “mo(@ onl@) fun(@) 8@ “mp(@) *60(Q)
——— —— —— N——
P 0.9 0.1 0.8 0.1 0.98 0.93 0.97 0.92
[N 0.5 0.7 0.6 0.7 0.94 0.97 0.91 0.96 |
The values of U; ,R; and Q; based on proposed distance
Ui R; Qi
1 0.8919 0.4137 0.0000
x2 1.1501 0.5516 0.8749
x3 0.9401 0.4482 0.0933
|74 0.9047 0.4651 0.0860
The ranking of alternatives based on proposed distance.
Ui Ri @

z1 1 1 1
2 4 4 4
x3 3 2 3
x4 2 3 2
The rankings of all alternatives according to Q.

5. Conclusion

In order to handle uncertainty and nonlinearity in complicated evaluation contexts, this work pre-
sented a VIKOR-based decision-making technique based on Nonlinear Diophantine Rough Fuzzy Sets
(NLDREFS). The accurate depiction of uncertain and interdependent criteria values was made possible by
the addition of Nonlinear Diophantine structures, which improved the rough fuzzy model’s mathemati-
cal flexibility. The suggested framework successfully addressed multi-criteria decision-making problems
involving ambiguity, boundary fluctuations, and conflicting parameters by fusing the VIKOR, approach
with NLDRFS. By weighing group benefit against personal regret, the method identified compromise
solutions and gave decision-makers logical and trustworthy comparisons of options. The results show
that relative to conventional fuzzy, rough, or linear models, the VIKOR-NLDRFS model provides better
decision accuracy and robustness. This hybrid approach can be used in a variety of fields, including
sustainable system design, engineering optimization, and financial assessment. To further improve the
model’s decision-support capabilities, future research might concentrate on expanding it using hybrid
aggregation operators, entropy-based weighting methods, or machine learning integration.

References
1. L. A. Zadeh, “Fuzzy sets,” Inf. Control, vol. 8, no. 3, pp. 338-353, Jun. 1965.
2. K. T. Atanassov, “Intuitionistic fuzzy sets,” Fuzzy Sets Syst., vol. 20, no. 1, pp. 87-96, Aug. 1986.

3. R. R. Yager, “Pythagorean fuzzy subsets,” Proc. Joint IFSA World Congr. NAFIPS Annu. Meeting (IFSA/NAFIPS),
vol. 2, pp. 57-61, Jun. 2013.

4. M. Riaz and M. R. Hashmi, “Linear diophantine fuzzy set and its applications towards multi-attribute decision-making
problems,” J. Intell. Fuzzy Syst., vol. 37, no. 4, pp. 5417-5439, Oct. 2019.

5. K. T. Atanassov, “Intuitionistic fuzzy sets: Theory and applications,” Studies in Fuzziness and Soft Computing, vol.
35, Springer-Verlag, Heidelberg, Germany, 1999.

6. P. Burillo and H. Bustince, “Entropy on intuitionistic fuzzy sets and on interval-valued fuzzy sets,” Fuzzy Sets Syst.,
vol. 78, no. 3, pp. 305-316, Mar. 1996.



VIKOR METHOD BASED SUPPLIER SELECTION UNDER NONLINEAR DIOPHANTINE ROUGH Fuzzy ENVIRONMENT11

7.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

E. Szmidt and J. Kacprzyk, “Distances between intuitionistic fuzzy sets,” Fuzzy Sets Syst., vol. 114, no. 3, pp. 505-518,
Sep. 2000.

P. Grzegorzewski, “Distances between intuitionistic fuzzy sets and/or interval-valued fuzzy sets based on the Hausdorff
metric,” Fuzzy Sets Syst., vol. 148, no. 2, pp. 319-328, Dec. 2004.

W. Wang and X. Xin, “Distance measure between intuitionistic fuzzy sets,” Pattern Recognit. Lett., vol. 26, no. 13,
pp. 2063-2069, Oct. 2005.

W.-L. Hung and M.-S. Yang, “On similarity measures between intuitionistic fuzzy sets,” Int. J. Intell. Syst., vol. 23,
no. 3, pp. 364-383, Mar. 2008.

I. Tancu, “Intuitionistic fuzzy similarity measures based on min—-max operators,” Pattern Anal. Appl., vol. 22, no. 2,
pp. 420-438, May 2019.

B. Gohain, P. Dutta, S. Gogoi and R. Chutia, “Construction and generation of distance and similarity measures for
intuitionistic fuzzy sets and various applications,” Int. J. Intell. Syst., vol. 36, no. 12, pp. 7805-7838, Dec. 2021.

R. Joshi and S. Kumar, “A new intuitionistic fuzzy entropy of order-a with applications in multiple attribute decision
making,” Proc. 6th Int. Conf. Soft Comput. Problem Solving, vol. 546, pp. 212-219, Feb. 2017.

N. X. Thao, “Some new entropies and divergence measures of intuitionistic fuzzy sets based on Archimedean t-conorm
and application in supplier selection,” Soft Comput., vol. 25, no. 7, pp. 5791-5805, Apr. 2021.

X. Zhang and Z. Xu, “Extension of TOPSIS to multiple criteria decision making with Pythagorean fuzzy sets,” Int. J.
Intell. Syst., vol. 29, no. 12, pp. 1061-1078, Dec. 2014.

X. Peng, H. Yuan and Y. Yang, “Pythagorean fuzzy information measures and their applications,” Int. J. Intell. Syst.,
vol. 32, no. 10, pp. 991-1029, Oct. 2017.

A. Biswas and B. Sarkar, “Pythagorean fuzzy TOPSIS for multicriteria group decision-making with unknown weight
information through entropy measure,” Int. J. Intell. Syst., vol. 34, no. 6, pp. 1108-1128, Jun. 2019.

Z. Hussian and M. Yang, “Distance and similarity measures of Pythagorean fuzzy sets based on the Hausdorff metric
with application to fuzzy TOPSIS,” Int. J. Intell. Syst., vol. 34, no. 10, pp. 2633-2654, Oct. 2019.

P. A. Ejegwa, “Distance and similarity measures for Pythagorean fuzzy sets,” Granular Comput., vol. 5, no. 2, pp.
225-238, Apr. 2020.

B. Sarkar and A. Biswas, “Pythagorean fuzzy AHP-TOPSIS integrated approach for transportation management
through a new distance measure,” Soft Comput., vol. 25, no. 5, pp. 4073—-4089, Mar. 2021.

S.-P. Wan, S.-Q. Li, and J.-Y. Dong, “A three-phase method for Pythagorean fuzzy multi-attribute group decision
making and application to haze management,” Comput. Ind. Eng., vol. 123, pp. 348-363, Sep. 2018.

M.-S. Yang and Z. Hussain, “Fuzzy entropy for Pythagorean fuzzy sets with application to multicriterion decision
making,” Complexity, vol. 2018, Art. no. 2832839, Nov. 2018.

N. X. Thao and F. Smarandache, “A new fuzzy entropy on Pythagorean fuzzy sets,” J. Intell. Fuzzy Syst., vol. 37, no.
1, pp. 1065-1074, Jul. 2019.

T.-T. Xu, H. Zhang, and B.-Q. Li, “Pythagorean fuzzy entropy and its application in multiple-criteria decision-making,”
Int. J. Fuzzy Syst., vol. 22, no. 5, pp. 1552-1564, Jul. 2020.

X. Peng and L. Liu, “Information measures for g-rung orthopair fuzzy sets,” Int. J. Intell. Syst., vol. 34, no. 8, pp.
1795-1834, Aug. 2019.

X. Peng and J. Dai, “Research on the assessment of classroom teaching quality with g-rung orthopair fuzzy information
based on multi-parametric similarity measure and combinative distance-based assessment,” Int. J. Intell. Syst., vol. 34,
no. 7, pp. 1588-1630, Jul. 2019.

A. Pinar and F. E. Boran, “A g-rung orthopair fuzzy multi-criteria group decision making method for supplier selection
based on a novel distance measure,” Int. J. Mach. Learn. Cybern., vol. 11, no. 8, pp. 1749-1780, Aug. 2020.

R. Verma, “Multiple attribute group decision-making based on order-« divergence and entropy measures under g-rung
orthopair fuzzy environment,” Int. J. Intell. Syst., vol. 35, no. 4, pp. 718-750, Apr. 2020.

Z. Liu, P. Liu, and X. Liang, “Multiple attribute decision-making method for dealing with heterogeneous relationship
among attributes and unknown attribute weight information under g-rung orthopair fuzzy environment,” Int. J. Intell.
Syst., vol. 33, no. 9, pp. 1900-1928, Sep. 2018.

M. M. S. Mohammad, S. Abdullah, and M. M. Al-Shomrani, “Some linear diophantine fuzzy similarity measures and
their application in decision making problem,” IEEE Access, vol. 10, pp. 29859-29877, 2022.

S. Giil and A. Aydogdu, “Novel distance and entropy definitions for linear diophantine fuzzy sets and an extension of
TOPSIS (LDF-TOPSIS),” Expert Syst., vol. 40, no. 1, Art. no. €13104, Jan. 2023.

M. Riaz, M. Raza Hashmi, D. Pamucar, and Y. Chu, “Spherical linear diophantine fuzzy sets with modeling uncertainties
in MCDM,” Comput. Model. Eng. Sci., vol. 126, no. 3, pp. 1125-1164, 2021.



12

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

GOHAR FAREED AND ALIYA FAHMI

T. Mahmood, I. Haleemzai, Z. Ali, D. Pamucar, and D. Marinkovic, “Power Muirhead mean operators for interval-
valued linear diophantine fuzzy sets and their application in decision-making strategies,” Mathematics, vol. 10, no. 1,
p- 70, Dec. 2021.

A. O. Almagrabi, S. Abdullah, M. Shams, Y. D. Al-Otaibi, and S. Ashraf, “A new approach to g-linear Diophantine
fuzzy emergency decision support system for COVID-19,” J. Ambient Intell. Humanized Comput., vol. 13, no. 4, pp.
16871713, Apr. 2022.

H. Kamaci, “Complex linear Diophantine fuzzy sets and their cosine similarity measures with applications,” Complex
Intell. Syst., vol. 8, no. 2, pp. 1281-1305, Apr. 2022.

S. Ashraf, H. Razzaque, M. Naeem, and T. Botmart, “Spherical g-linear diophantine fuzzy aggregation information:
Application in decision support systems,” AIMS Math., vol. 8, no. 3, pp. 6651-6681, 2023.

M. Riaz, H. M. A. Farid, M. Aslam, D. Pamucar, and D. Bozanié¢, “Novel approach for third-party reverse logistic
provider selection process under linear diophantine fuzzy prioritized aggregation operators,” Symmetry, vol. 13, no. 7,
p. 1152, Jun. 2021.

A. Alnoor, A. A. Zaidan, S. Qahtan, H. A. Alsattar, R. T. Mohammed, K. W. Khaw, M. Alazab, T. S. Yin, and A. S.
Albahri, “Toward a sustainable transportation industry: Oil company benchmarking based on the extension of linear
diophantine fuzzy rough sets and multicriteria decision-making methods,” IEEE Trans. Fuzzy Syst., vol. 31, no. 2, pp.
449-459, Feb. 2023.

S. Zeng, Y. Hu, and X. Xie, “Q-rung orthopair fuzzy weighted induced logarithmic distance measures and their appli-
cation in multiple attribute decision making,” Eng. Appl. Artif. Intell., vol. 100, Apr. 2021, Art. no. 104167.

S. Zeng, J. Zhou, C. Zhang, and J. M. Merigd, “Intuitionistic fuzzy social network hybrid MCDM model for an
assessment of digital reforms of manufacturing industry in China,” Technol. Forecast. Social Change, vol. 176, Mar.
2022, Art. no. 121435.

X. Chen, X. Liu, Q. Wu, M. Deveci, and L. Martinez, “Measuring technological innovation efficiency using interval
type-2 fuzzy super-efficiency slack-based measure approach,” Eng. Appl. Artif. Intell., vol. 116, Nov. 2022, Art. no.
105405.

S. Zeng, Y. Hu, and C. Llopis-Albert, “Stakeholder-inclusive multi-criteria development of smart cities,” J. Bus. Res.,
vol. 154, Jan. 2023, Art. no. 113281.

E. Aydogdu, E. Giiner, B. Aldemir, and H. Aygiin, “Complex spherical fuzzy TOPSIS based on entropy,” Expert Syst.
Appl., vol. 215, Apr. 2023, Art. no. 119331.

W. Wang, Y. Wang, S. Fan, X. Han, Q. Wu, and D. Pamucar, “A complex spherical fuzzy CRADIS method based
Fine-Kinney framework for occupational risk evaluation in natural gas pipeline construction,” J. Petroleum Sci. Eng.,
vol. 220, Jan. 2023, Art. no. 111246.

U. M. Modibbo, M. Hassan, A. Ahmed, and I. Ali, “Multi-criteria decision analysis for pharmaceutical supplier selection
problem using fuzzy TOPSIS,” Manage. Decis., vol. 60, no. 3, pp. 806-836, Feb. 2022.

I. Ali, V. Charles, U. M. Modibbo, T. Gherman, and S. Gupta, “Navigating COVID-19: Unraveling supply chain
disruptions through best worst method and fuzzy TOPSIS,” Benchmarking, Int. J., early access.

S. Opricovic, “Fuzzy VIKOR with an application to water resources planning,” Expert Syst. Appl., vol. 38, no. 10, pp.
12983-12990, Sep. 2011.

A. Shemshadi, H. Shirazi, M. Toreihi, and M. J. Tarokh, “A fuzzy VIKOR method for supplier selection based on
entropy measure for objective weighting,” Expert Syst. Appl., vol. 38, no. 10, pp. 12160-12167, Sep. 2011.

R. Jeya Girubha and S. Vinodh, “Application of fuzzy VIKOR and environmental impact analysis for material selection
of an automotive component,” Mater. Design, vol. 37, pp. 478-486, May 2012.

Gohar Fareed,

Department of Mathematics, The University of Faisalabad, Faisalaad
Pakistan.

E-mail address: 2022-phd-math-001@tuf .edu.pk
aliyafahmi@gmail.com



	Introduction
	Backgroud
	Non Linear Diophantine Rough Fuzzy Set
	NLDRFS Proposed Entropy-Based Vikor Method
	Numerical example

	Conclusion

