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1. Introduction

Researchers in many scientific fields make an effort to model problems containing uncertain data.
However, the classical methods are not always successful in describing uncertainties. In 1965, therefore,
fuzzy sets were developed by Zadeh [1] to overcome the uncertainties. In 1986, these sets have been
generalised to intuitionistic fuzzy sets (if-sets) by Atanassov [2]. In 1999, Molodtsov [3| proposed the
concept of soft sets as a general mathematical tool to model the problems with uncertainties.

So far, many novel concepts based on the soft sets, fuzzy sets, and if-sets have been propounded.
These concepts can be classified as follows:

- Fuzzy soft sets [4],

- Intuitionistic fuzzy soft sets [5],

- Fuzzy parameterized soft sets [6],

- Fuzzy parameterized fuzzy soft set [7],

- Fuzzy parameterized intuitionistic fuzzy soft sets [In this study],

- Intuitionistic fuzzy parameterized soft sets [8],

- Intuitionistic fuzzy parameterized fuzzy soft sets [9],

- Intuitionistic fuzzy parameterized intuitionistic fuzzy soft sets [10],

In the present paper, as it is pointed out above, we define parameterized intuitionistic fuzzy soft
sets (fpifs-sets) by using fuzzy sets and if-sets. We then apply this concept to a decision-making
problem. Finally, we discuss fpifs-sets and give suggestions for their further research.
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2. Preliminaries

This section presents some of the basic definitions of soft sets [3], fuzzy sets 1], and if-sets [2].

2.1. Soft Sets

In this subsection, we introduce some of the basic definitions and properties of soft sets provided
in [3,11,12].

Definition 2.1. Let U be a universal set, P(U) be the power set of U, and X be a set of parameters.
Then, a soft set S over U is defined as a set of ordered pairs

S={(z,s(x)): x € X} where s: X — P(U)
Here, s is called approximate function of the soft set S and the elements (x, () is not displayed in S.

Hereafter, the soft sets are denoted by S, S1, 53, ... and their approximate functions by s, s1, s9,. . .,
respectively. The set of all soft sets over U is denoted by S.

Definition 2.2. Let S € S. Then,
S is called empty soft set, denoted by Sy, if s(x) = 0 for all x € X, and
S is called universal soft set, denoted by Sy, if s(x) = U for all x € X.

Example 2.3. Let U = {uy, ug, us, uq, us, ug} be a universal set and X = {x1,x9,x3, 24} be a set of
parameters. If s(z1) = {u1,u2, us,us}, s(za) = 0, s(xs) = {u1,us,us}, and s(x4) = U, then the soft
set S is written by

S = {(xla {ul’ U2, Uq, u6})’ (x?n {ula us, u5})’ ($4, U)}

Definition 2.4. Let 51,55 € S. Then,
S1 and Sy are called equal, denoted by S; = Sy, if s1(z) = sa(z) for all z € X, and
Sy is called soft subset of soft set Sy, denoted by S; C So, if s1(x) C so(x) for all x € X.

Definition 2.5. Let 5,571,595 € S. Then,

the complement of S is defined by S¢ = {(z,U \ s(z)) : z € X},

the union of S} and Ss is defined by S1 U S2 = {(z, s1(z) U sa(z)) : z € X}, and
the intersection of S; and S is defined by S1 NSy = {(z,s1(x) Nse(x)) : z € X}.

Proposition 2.6. If S € S, then
i) SUS=S5 i) SUSy=S v) SUSy =Sy
i) SNsS=S iv) SNSy=25 vi) SNSy =8

Proposition 2.7. If Sq,.55,53 € S, then

i) S1USy=SUS8, V) S1 U (SyU S3) = (S3USs) U Ss

i) S1N Sy =S,NS; vi) Sy (SaNSs) = (S1 N S2)N Sy
iii) (S1 U So)¢ =S¢ SS vii) 1 U (Sy N S3) = (S1 U Ss) N (SyUSs)
iv) (S1NSo)¢ = S¢U SS viii) S1 N (S2US3) = (S1 N S2) U (Sy N Ss)

2.2. Fuzzy Sets

This subsection provides some of the basic definitions and properties of fuzzy sets presented in [1]. For
more details, see [13-15].

Definition 2.8. Let X be a universal set. Then, a fuzzy set I’ over X is defined by
F={2'® .2 e X} where f: X —[0,1]

Here f is called the membership function of F, the elements 2 is not displayed in F, and the elements
x! is displayed as x in F. Moreover, the value f(z) is called the degree of membership of € X and
represents the degree of belonging of = to the fuzzy set F.
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From now on, the fuzzy sets are denoted by F,F, F5,... and their membership functions by
f, f1, fa,... respectively. The set of all fuzzy sets over X is denoted by F.

Definition 2.9. Let F € F. Then,
F' is called empty fuzzy set, denoted by Fj, if f(z) =0 for all z € X.
F is called universal fuzzy set, denoted by Fx, if f(xz) =1 for all x € X.

Example 2.10. Let U = {x1, 29, 23,24, 25,26}, f(z1) = 0.7, f(x2) = 0.5, f(x3) = 0.2, f(x4) = 0,
f(zs) = 0.7, and f(xg) = 1, then the fuzzy set F' is as follows:

F= {xl ax85a 92 $5 axﬁ}

Definition 2.11. Let Fi, F5 € F. Then,
Fy and Fy are called equal, denoted by Fy = Fy, if fi(x) = fa(x) for all x € X, and
F) is called fuzzy subset of Fy, denoted by Fy C Fy, if fi(x) < fa(x) for all z € X.

Definition 2.12. Let F, F}, F5 € F. Then,

the complement of F is defined by F¢ = {z'~f(*) . z € X},

the union of F} and Fj is defined by Fy U Fy = {z™>{1 (@2} 3 € X} and
the intersection of F; and Fj is defined by Fy N Fy = {wmin{fl(m)’h(x)} cx € X}

Proposition 2.13. If F' € I, then

iy FUF=F i) FUFy=F v) FUFx = Fx
i) FNF=F iv) FNFy=F vi) FNFx = F

Proposition 2.14. If Fy, F5, I3 € F, then

) U =FKHUFR V) FlU(Fy UF3) = (F1UFy)UF;3

i) ANk =FKBNFK vi) FiN(FyNF3) = (F1NFy)NF;
i) (F1UFy)=FfNFy vil) Fy U (Fy N F3) = (Fy U Fy) N (FL U F)
iv) (Fi N Fy)° = FfUFy viil) F1 N (Fy U F3) = (F1 N Fy) U (Fy N F)

2.3. Intuitionistic Fuzzy Sets

This subsection features some of the basic definitions and properties of if-sets provided in [2]. For
more details, see [16,17].

Definition 2.15. Let U be a universal set. An intuitionistic fuzzy set (if-set) I over U is defined by
I — {uu(U);V(U) = U}

where p: U — [0,1] and v : U — [0,1] such that 0 < p(u) +v(u) <1 for all uw € U. Here, 1 and v
are called membership and non-membership function of I and the elements u! is not displayed in 1.
Moreover, the values p(u) and v(u) denote the membership degree and non-membership degree of the
u € U, respectively.

Hereafter, the if-sets are denoted by I, Iy, I, ... and their membership and non-membership func-
tions by p, i1, po, ... and v, vy, ve,. .., respectively. The set of all if-sets over U is denoted by 1.

Definition 2.16. Let I € I. Then,
I is called empty if-set, denoted by Iy, if u(u) =0 and v(u) =1 for all u € U, and
I is called universal if-set, denoted by Iy, if p(u) =1 and v(u) =0 for all u € U.

Example 2.17. Let U = {uj,ug,us, us} be a universal set, pu(u;) = 0.7, v(u1) = 0.2, pu(ug) = 0,
v(ug) =1, p(us) = 0.2, v(uz) = 0.6, p(ug) = 0.3, and v(uyg) = 0.7. Then, the if-set I is written by

7= [,0702 0206 0307
-_ ul ,US 72/[/4
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Definition 2.18. Let I, I3 € I. Then,
I and I is called equal, denoted by I} = I, if p(u) = pa(u) and vy (u) = ve(u) for all u € U, and
I is called if-subset of I5, denoted by I; C I, if p1(u) < po(u) and vo(u) < vi(u) for all u € U.

Definition 2.19. Let I, 11,15 € I. Then,

the complement of I is defined by I¢ = {u?(W#(®) .y € U},

the union of I; and I is defined by I; U Iy = {um‘w{“l(u)vm(u)}?mi"{Vl(u)vl’?(“)} cu € U}, and
the intersection of I; and I is defined by I; N [, = {umm{“l(”)’“2(”)};’”“{”1 (w)r2(u)} .y € U}.

Proposition 2.20. If I € I, then
) IUlr=1 i) TUly=1 v) TUly =1y
i) INI=1 iv) INly=1I vi) INIy =1

Proposition 2.21. If Iy, 5, I35 € I, then

i) LUl =1,UlL v) U UIl3) = (L1 Ul)Uls

i) [ Nle=I,N1 vi) [ N(IoNI3) = (1N Iy)N I3
i) (L1 U L) =IfNnI§ vil) [T U(IaNI3) = (11 Ulz) N (L Uls)
iv) (I1NI)¢=I{UIS viil) I} N (1o U I3) = (I N Ix) U (I N I3)

3. Fuzzy Parameterized Intuitionistic Fuzzy Soft Sets

In this section, we define fuzzy parameterized intuitionistic fuzzy soft sets (fpifs-sets) as a new concept
of the soft sets. We then present some of their basic properties.

Definition 3.1. Let U be a universal set and X be a set of parameters. If F' = {:Uf(gﬁ) tx € X} is a
fuzzy set over X and p: X — I, p(x) = {u“z(“)?”z(”) RS U} is an if-set over U for z € X, then

P = {(xf(x),p(x)) :mGX}

is called an fpifs-set over U. Here, p is called approximate function of P and the elements (2°, I) is
not displayed in P.

Throughout this paper, the fpifs-sets are denoted by P, P;, P», ... and their approximate functions
by p,p1,p2, ..., respectively. The set of all fpifs-sets over U is denoted by P.

Definition 3.2. Let P € P. Then,
P is called empty fpifs-sets, denoted by P, if f(z) =0 and p(x) = I for all z € X, and
P is called universal if-set, denoted by Py, if f(x) =1 and p(z) = Iy for all z € X.

Example 3.3. Let U = {uy,u9,us}, X = {1,202, 23,24}, F = {351 ,x84,x45} and

0.7;0.2  0.5;0.2
u

p(l’l) - ul » Y3 )
0.5:0.3  0.8:0.1
plr2) = quy , Us ,
p(z3) = I,
0.6;0.2 0.5:0.3 0.8,0.1
p(rs) = {U1 ) Ug ) Us }

Then,
P= {297 p(x1)), (237, p(22)), (217, p(z4)) }

o 0.7 [ 0702 0502 04 [ 0503 0.80.1 0.5 0.6;,0.2 0.5;0.3 0.8:0.1
= T, Uy ) Ug To', | Ug )y Ug Ly Uy ) Ug ) Us

is an fpifs-set over U.
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Definition 3.4. Let P, P, € P. Then, P, and P, are called equal, denoted by P; = Py, if fi(x) =
fa(z) and p1(x) = pa(z) for all z € X.

Definition 3.5. Let P, P, € P. Then, P; is called fpifs-subset of P,, denoted by P; C P, if
fi(z) < fa(z) and pi(z) C pa(x) for all z € X.

Definition 3.6. Let P, P>, € P. Then, the union of P; and P, is defined by
PLUP, := {(xmax{fl(x)’h(”ﬁ)},pl(x) Upa(z)) 1 a € X}
Definition 3.7. Let P, P>, € P. Then, the intersection of P; and P is defined by
P NPy := {(mmin{fl(gﬁ)’h(’:)},pl(x) Npa(z)) 12 € X}
Definition 3.8. Let P € P. Then, the complement of P is defined by
P = {(ml_f(x),pc(x)) tx € X}
Proposition 3.9. If P € P, then
iy PUP=P i) PURy =P v) PUPy =Py
iy PNP=P iv) PN Py =P vi) PNPy =P
PrROOF. Let P = {(z/®) p(z)) : x € X} be an fpifs-set over U. Then,
i) PUP = {(@>U@IE) pa) Up()) : w € X} = {2/, p(2)) sz € X} = P
ii) PP = (@O p(o) (p(e)) s 2 € X} = {(27@,p(2)) i o € X} = P
iii) PU Py = {(z™U @0 pyuly) o2 e X} ={(2/® px):ze X} =P
iv) PN Py = {(a™VU @0 pa)ynly):xe X} ={2%1):2€ X} =Py
v) PUPy = {(mmax{f(x)’l},p(x) Ulp):ox € X}y ={(z},Iy) 2 € X} = Py

vi) PN Py = {(@™ V@8 pa)nly):ze X} = {(&/® px):z2 e X} =P

O
Proposition 3.10. If P, P,, P; € P, then
1) PUP, =P UP V) P1U(P2UP3):(P1UP2)UP3
11) PNP=PLNPA Vi) Plﬂ(Pgﬂpg):(PlﬂPQ)ﬂpg
111) (Pl @] PQ)C = Plc N PQC Vii) P U (P2 N Pg) = (Pl U P2) N (Pl U Pg)
iV) (Pl N PQ)C = Plc @] PQC Vlll) PN (P2 U Pg) = (Pl N P2) U (Pl N Pg)
PrROOF. Let P, = {(z"®) pi(x)) : =z € X}, Po = {@P@ py(x)) : z € X} and
Py = {(«/3®) p3(z)) : € X} be three fpifs-sets over U. Then,
i) PLUP, = {@n@RE) p (1) Upy(z)) 2 e X},
— {(wmax{fQ(x)vfl(x)}’pQ(x) Upl(x)) cx € )(}7
= PBUP
i) pNP = {(@mnh@LE) p) (2) Npy(2) 2 € X},
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iii) (PLUP) = {(z' RO, (p(2) Upi(2)) : ¢ € XY,
- Al min{1-A()1-12), pe () A ps(a) : @ € X,
iv) (PNR)° = (@ mmnERE (p)(2) 0 py(a))) : 2 € X,
=A@ U AR pi() Ups(e) o € XD,
= PUPS
v) PLU(PRUR;) = {(amextil@med 2@, @ p () U (pa(z) Ups(z))) - @ € X}

{(graxtmax{n@. LR (p) () Upe(z)) Ups(z)) : v € X}
= (P1 U PQ) U Ps

vi) LN (PN P) = {(aminth@min{2@. 08 by (2) 0 (pa(x) Nps(2))) - w € X}
— {70 LA, () 1 pofa)) N pa(e) o € X)
= (Pl N PQ) N Ps

vii) P U (PN Ps) {(gmexti@min{f2@). f3@1 g (1) U (pa(2) Nps(2))) :z € X}
N (p1(

{(xmin{max{fl(z)yfz(ﬂs)},max{fl(ﬂs)yfs(ﬂs)}}7 (p1(z) U pa(z)) z)Ups(z))):z e X}
(PLUP) N (PLUPs)

viil) PN (PUPs) = (@U@ mesi@0s@ b (2) 0 (pa(x) Upa(a))) : o € X}
{(acmax{mm{h(av)»f2(av)]nmm{f1(ﬂs),fs(av)}}7 (p1(z) N pa(z)) U (pr(z) Nps(x))) : z € X}
(PLNP) U (PN Ps)

4. A Soft Decision-Making Method Proposed on fpifs-sets

In this section, we suggest a soft decision-making method that assigns a performance-based value to
the alternatives via fpifs-sets. Thus, we can choose the optimal elements among the alternatives.

The Proposed Algorithm Steps

Step 1. Construct an fpifs-set P such that P = {(ﬂ:f(x), {u“x(“);”x(“) tu € U}) tx € X}

Step 2. Obtain the values w(u) = % > f(@)(pe(u) — ve(w)), for all u € U
zeX

w(ug)+| miinw(ui)|

Step 3. Obtain the decision set {uz(u’“)\uk € U} such that d(uy) =

max w(u;)+| minw(u;)|
1 K2

5. An Application of the Proposed Method to a Performance-Based Value Assign-
ment Problem

In this section, we apply the proposed method to the performance-based value assignment (PVA)
problem for seven filters used in image denoising, namely Decision Based Algorithm (DBA) [18],
Modified Decision Based Unsymmetrical Trimmed Median Filter (MDBUTMF) [19], Based on Pixel
Density Filter (BPDF) [20], Noise Adaptive Fuzzy Switching Median Filter (NAFSMF) [21], A New
Adaptive Weighted Mean Filter (AWMF) [22|, Different Applied Median Filter (DAMF) [23], and
Adaptive Riesz Mean Filter (ARmF) [24]. Hereafter, let U = {uq, ua, us, ug, us, ug, u7} be the set of
the alternatives such that

w1 = “DBA”, us = “MDBUTME”, uz = “BPDF”, uy = “NAFSMF”, us = “AWMF”, ug = “DAMEF”,
and uy = “ARmEF”

Moreover, let X = {x1,x9,x3, x4, T5, T6, T7, Ts, To} be a parameter set determined by a decision-maker
such that

1 = “noise density 10%”, xo = “noise density 20%”, x3 = “noise density 30%”,
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x4 = “noise density 40%”, x5 = “noise density 50%”, x¢ = “noise density 60%”,
x7 = “noise density T0%”, xg = “noise density 80%”, and xg = “noise density 90%”.

Further, let bold numbers in a table point out the best scores therein.

We first present the results of the filters in [24] by Structural Similarity (SSIM) [25] for the im-
age Cameraman in Table 1. Hereinafter, let . (u) corresponds to the SSIM/MSSIM results of the
image /images for filter u and noise density x. Moreover, let v,(u) = 1 — p,(u), for all x € X and
ueU.

Table 1. The SSIM results of the filters for the Cameraman image.

Filters 10% 20% 30% 40% 50% 60% 70% 80% 90%

DBA 0.9938 09847  0.9710 0.9520 0.9222 0.8843 0.8283  0.7584  0.6645
MDBUTMF 09897 09278 0.7945 0.7964 0.8844 0.9158  0.8962  0.8056  0.4451
BPDF 0.9910 09783  0.9588 0.9306 0.8934 0.8406 0.7700  0.6665  0.4990
NAFSMF 0.9798 09636 0.9484 0.9329 0.9164 0.8954 0.8696 0.8335  0.7288
AWMF 0.9872 09839 0.9798 0.9748  0.9667 0.9541  0.9345 0.9015  0.8346
DAMF 0.9960 0.9906 0.9833 0.9749  0.9638  0.9492  0.9293 0.8973  0.8294
ARmF 0.9969 0.9933 0.9885 0.9824 0.9735 0.9600 0.9395 0.9059 0.8376

The application of the soft decision-making method proposed in Section 4 is as follows:

Step 1. Suppose that the success at high noise densities is more important than in the presence
of other densities. In this case, the values in Table 1 can be represented with fpifs-set as
follows:

0.1 0.9938;0.0062  0.9897;0.0103  0.9910;0.0090 , 0.9798;0.0202 A _0.9872;0.0128 , 0.9960;0.0040
Pr= {(z1"" {wm ,u2 ;U3 ) U4 ;U5 ) UG

)

20.9278;0.0722 0.9783;0.0217 u40.9636;0.0364 0.9839;0.0161
) ) )

uy u us 5

0.9969;0.0031}) , (1,20.27 {11‘10.9847;0.01537 us

u

0.9906;0.0094 i

0.9933;0.0067 0.3 0.9710;0.0290 0.7945;0.2055 0.9588;0.0412 0.9484;0.0516
}) ) ( ) {Ul s U2 ) s U4 )

Uug ur 3 u3

0.9798;0.0202 0.9833;0.0167 0.9885;0.0115 0.4 0.9520;0.0480 0.7964;0.2036 0.9306;0.0694
) 7u7 }) ) ( ) {ul ) 2 ) )

us U6 T4 U us3

0.9329;0.0671 0.9748;0.0252 0.9749;0.0251 0.9824;0.0176 0.5 0.9222;0.0778 0.8844;0.1156
4 ) ) ) }) ) (:EE) ) {ul ) 2 )

u us ue uy u

0.8934;0.1066 , 0.9164;0.0836 , _0.9667;0.0333 , 0.9638;0.0362 , _0.9735;0.0265 0.6 0.8843;0.1157
u3 ) U4 ;U5 ) U6 s u7 1 (26”0, {wa ;

0.9158;0.0842 0.8406;0.1594 0.8954;0.1046 0.9541;0.0459 0.9492;0.0508 0.9600;0.0400 0.7
u2 ) ug ) u4 ) u5 ) u6 ) u7 }) ) (m7 )

0.8283;0.1717 0.8962;0.1038 0.7700;0.2300 0.8696;0.1304 0.9345;0.0655 0.9293;0.0707 0.9395;0.0605
{ul , U2 , U3 , Uq , U5 , U6 >, U7 })

I

0.8 0.7584;0.2416 , 0.8056;0.1944 _ 0.6665;0.3335 _ 0.8335;0.1665 , _0.9015;0.0985  0.8973;0.1027
(z”%, {w ;U2 , U3  Ud ) U5 , UG

)

20.4451;0.5549 0.4990;0.5010 40.7288;0.2712 0.8346;0.1654
) ) ) )

uy U us U

0.9059;0.0941}) , (1,90.97 {ul0.6645;0.33557 us

0.8294;0.17067 0.8376;0.1624})}

U6 ur

Step 2. The values w(u) are as follows:

w(ur) = 0.3322, w(uz) = 0.2790, w(us) = 0.2616, w(us) = 0.3612, w(us) = 0.4248, w(us) = 0.4220, and w(uy) = 0.4304

Step 3. The decision set is as follows:

{DBAO.8580’ MDBUTMFO.7812, BPDFO.7560, NAFSMFO.SQQQ’ AWMFO'gglg, DAMFO'9878, ARmFl}

The results show that ARmF outperforms the others and the ranking order BPDF < MDBUTMF <
DBA < NAFSMF < DAMF < AWMF < ARmF is valid. Moreover, the results confirm the expert’s

view.
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The visual performances of the filters are provided in Fig. 1. The performances of the filters can
not be discriminated in consideration of Fig. 1. Moreover, when a large number of data come into
question, it is impossible to do so. Therefore, the proposed method has an essential role in dealing

with PVA problems.

Fig. 1. [24] SSIM results for “Cameraman” of 512 x 512 with a SPN ratio of 30. (a) Noisy image
0.0550, (b) DBA 0.9710, () MDBUTMF 0.7945, (d) BPDF 0.9588, (¢) NAFSMF 0.9484, (f) AWMF
0.9798, (g) DAMF 0.9833, and (h) ARmF 0.9885

Secondly, to better establish the success of the proposed method, we present the results of the
filters in [24] by Mean Structural Similarity (MSSIM) for the 20 traditional images in Table 2.

Table 2. The MSSIM results of the filters for the 20 traditional images.

Filters 10% 20% 30% 40% 50% 60% 70% 80% 90%

DBA 0.9796  0.9584  0.9315 0.8968 0.8520 0.7949  0.7213  0.6265  0.4966
MDBUTMF 09774 0.9197 0.8117 0.7973 0.8399  0.8410 0.8025 0.7023  0.3566
BPDF 0.9783 09536  0.9229 0.8838 0.8323 0.7634  0.6680  0.5096  0.2585
NAFSMF 0.9748 09504 0.9248 0.8973 0.8666  0.8320 0.7910  0.7357  0.6190
AWMEF 0.9728 09622 0.9484 09315 0.9098 0.8816  0.8437 0.7904  0.7028
DAMF 0.9854 09699 0.9516 0.9303 0.9051 0.8748 0.8368 0.7846  0.6964
ARmF 0.9868 0.9735 0.9581 0.9400 0.9173 0.8880 0.8491 0.7947 0.7056

Similarly, the values in Table 2 can be represented with fpifs-set as follows:

0.1 0.9796;0.0204 0.9774;0.0226
P2 = {("El ; {U1 , U2 )

u70.9868;0.0132}) , (

0.9699;0.0301
)

ue ur

u

0.8973;0.1027 0.9315;0.0685 0.9303;0.0697 0.9400;0.0600 0.5 0.8520;0.1480 , 0.8399;0.1601
Ugq ;U5 ’ ;, U6 » U7 }) ’ (;135 ’ {’LL]_ ’ y Ug

T2

0.9484;0.0516 0.9516;0.0484
5 7u6 )

0.9735;0.0265}) , (

ur

0.2 0.9584;0.0416
) {ul )

3

u3

0.9783;0.0217 0.9748;0.0252 0.9728;0.0272 0.9854;0.0146
) u4 ) u5 ) u6 )

u2

0.3 0.9315;0.0685
) {’LL]_ )

0.9197;0.0803
)

u3

u2

0.9581;0.0419}) 7 (x40.4’ {11‘10.8968;0.10327

0.9536;0.0464
)

0.8117;0.1183
)

U

Uq

us

0.9504;0.0496
)

0.9229;0.0771
)

us

Uq

0.9622;0.0378
)

0.9248;0.0752
)

0.7973;0.2027 0.8838;0.1162
2 7u3 )

)



Journal of New Theory 29 (2019) 79-88 / fpifs-Sets and Their Application to a PVA Problem 87

0.8323;0.1677 0.8666;0.1334 0.9098;0.0902 0.9051;0.0949 0.9173;0.0827 0.6 0.7949;0.02051
ug 7“4 7u5 7“6 7“’7 }) ) (xG 7{“1 )

0.8410;0.1590 0.7634;0.2366 0.8320;0.1680 0.8816;0.1184 0.8748;0.1252 0.8880;0.1120 0.7
2 >, U3 y U , UB » U6 >, U7 })7($7

U )

0.7213;0.2787 0.8025;0.1975 0.6680;0.3320 0.7910;0.2090 0.8437;0.1563 0.8368;0.1632 0.8491;0.1509
{ul , U2 ) y U4 ’ ) ) }) )

us3 u us ue uy

20.7023;0.2977 0.5096;0.4904 40.7357;0.2643 0.7904;0.2096 0.7846;0.2154
) ) ) )

u us3 u us

0.8 0.6265;0.3735
(-’68 ) {Ul ) ue

20.3566;0.6434 0.2585;0.7415 40.6190;0.3810 0.7028;0.2972
) ) ) )

uy U us3 U

0.7947;0.2053}) , (ng.Sl7 {u10.4966;0.50347 us

0.6964;0.30367 0.7056;0.2944})}

Uue ur

If we apply the proposed method to the fpifs-set P», then the decision set is as follows:
{DBA"7605 \[DBUTMF®™% BPDFO-580 NAFSMF®S37 AWMFO9577 DAMFOO™ ARmF!}
The results show that ARmF outperforms the others and the following ranking order is valid.
BPDF < MDBUTMF < DBA < NAFSMF < DAMF < AWMF < ARmF

Moreover, performance ranking order of filters obtained with the SSIM results of the filters only for the
Cameraman image is the same therein. Therefore, the proposed method has been successfully applied
to the PVA problem.

6. Conclusion

To deal with uncertainties, the soft set theory has been applied to many theoretical and practical
fields. Recently, soft sets, using other theories, have been prominent. In this work, we defined fuzzy
parameterized intuitionistic fuzzy soft sets (fpifs-sets) by using fuzzy sets, intuitionistic fuzzy sets, and
soft sets. We then proposed a soft decision-making method and successfully applied it to a decision-
making problem. We think that this study will be beneficial for future studies on soft sets and their
applications, particularly in decision-making.
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