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AN EXTENSION OF SOFT ROUGH FUZZY SETS
IsMAT BEG AND TABASAM RASHID

ABSTRACT. This paper introduces a novel extension of soft rough
fuzzy set so-called modified soft rough fuzzy set model in which
new lower and upper approximation operators are presented together
their related properties that are also investigated. Eventually it
is shown that these new models of approximations are finer than
previous ones developed by using soft rough fuzzy sets.

1. Introduction

The management of uncertainty in real-world problems is always a
complex task and, in many situations classical mathematical tools and
models cannot deal with the uncertainty involved with the information.
Hence many theories have been presented in the literature to cope with
the uncertainty, vagueness and ambiguity, like fuzzy set theory [31],
rough set theory [19,20], soft set theory [17] and many other math-
ematical tools. FEach of these theories has its inherent difficulties as
pointed out in [17]. Fuzzy set theory has thus been used to handle im-
precision in decision making problems to take care of the ambiguity in
information [3-6,32]. Significant applications of rough sets in various
fields can also be seen in [10, 12,13, 20-23]. Molodtsov [17] introduced
the concept of soft set theory as a new mathematical tool to deal with
uncertainty. Maji et al. [15] further developed the theoretical concepts of
soft set theory. This theory has been widely applied to many real world
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problems [27-29] and in the development of new mathematical struc-
tures [1,2,9,11,14,18,24,25,30]. Despite soft set theory and rough set
theory are different tools to deal with uncertainty, some researchers [1,8§]
have shown that there is some kind of linkage between these two differ-
ent theories. Feng et al. [7] provided a framework to combine fuzzy sets,
rough sets and soft sets all together, which gives rise to several interest-
ing new concepts such as rough soft sets, soft rough sets and soft rough
fuzzy sets. Shabir et al. [26] presented the notion of modified soft rough
set to improve some difficulties in definition of Feng’s soft rough set.
Meng et al. [16] developed some important approximation operators for
soft rough fuzzy set which are the improved version of Feng’s model.
According to these approximation operators a very strong condition was
implemented, that is soft set as approximation space should be a full
soft set. If the approximation space is not full soft set then there will
be shortcomings (undefinable set will not always have upper or lower
approximation). The purpose of this paper aims at improving the ba-
sic structure of the approximations to overcome these shortcomings by
defining modified soft rough fuzzy sets. Rest of this paper is arranged
in the following manner. In Section 2, some basic notions are given to
understand our proposal. In Section 3, modified soft rough fuzzy sets
and its approximation operators are developed. In Section 4, conclusion
of the paper is given. This study presents a preliminary, but potentially
interesting research direction.

2. Preliminaries

First we review some basic concepts, necessary to understand our pro-
posal.

Let U be a crisp universe of generic elements, a fuzzy set uy in the
universe U is a mapping from U to [0, 1]. For any u € U, the value p4(u)
is called the degree of membership of w in py. If membership value of
the elements is 0 or 1 then that fuzzy set is also called as crisp set. So
the membership value of all the elements in universal set U is 1 and the
membership value of all the elements in empty set is 0. Universal set U
in the form of fuzzy set is denoted by puy and uy(u) =1 for all u € U.
Similarly, empty set () in the form of fuzzy set is denoted by pg(u) = 0 for
all u € U. The family of all subsets of U is denoted by P(U) and family
of all fuzzy sets in U is denoted by F'S(U). With the min-max system
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proposed by Zadeh, fuzzy set intersection, union and complement are
defined component wise as follow:

(Ha N pp)(u) = pa(u) A ps(u),

(Ha U ps)(u) = pa(u) V ps(u),

pa(u) =1 = palu),

where 4, s are fuzzy sets and v € U. By uy C ug, we mean that
pa(u) < pg(u) for all uw € U. Clearly, pyg = pug if pa(u) = pg(u) for all
uel.

DEFINITION 2.1. [32] a-level set of py is defined as (pa)a = {u €
U; pa(u) > a}.

In 1999, Molodtsov [17] introduced the concept of soft sets. Let U be
the universe set and E the set of all possible parameters under consid-
eration with respect to U. Usually, parameters are attributes, character-
istics, or properties of objects in U. Molodtsov [17] defined the notion of
a soft set in the following way:

DEFINITION 2.2. [17] A pair (F, A) is called a soft set over U, where
A C FE and F is a mapping given by F' : A — P(U). In other words,
a soft set over U is a parameterized family of subsets of U. For e € A,

F(e) may be considered as the set of e-approximate elements of the soft
set (F,A).Forue U, Fleju=1ifu e F(e) and F(e)u =0 if u ¢ F(e).

DEFINITION 2.3. [8] Let S = (F, A) be a soft set over U. Then the
pair SAS = (U, S) is called a soft approximation space. Based on SAS,
following two operations are defined:

sragag(X)={ueU:3a € Alu e F(a) C X|}

stasas(X) ={ueU:3a € Alu € F(a), F(a) N X # 0]}

for any subset X of U. Two subsets srag,4(X) and STagas(X) called
the lower and upper soft rough approximations of X in SAS), respectively
are obtained. If srag,q(X) = sFagas(X), X is said to be soft definable;
otherwise X is called a soft rough set.

DEFINITION 2.4. [8] Let S = (F, A) be a soft set over U. If |J F(a) =
acA
U, then S is called a full soft set.

DEFINITION 2.5. [26] Let (F, A) be a soft set over U, where F' is a
map F': A — P(U). Let ¢ : U — P(A) be another map defined as
¢(x) ={a:x € F(a)}. Then the pair MSAS = (U, ¢) is called modified
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soft approximation space and for any X C U, lower modified soft rough
approximation is defined as

msraygag(X): {x € X : ¢(x) # ¢(y) for all y € X},

where X¢ = U — X and its upper modified soft rough approximation is
defined as

msraysas(X) ={z €U : ¢(x) = ¢(y) for all y € X}.

If msray g46(X) # msrapsas(X), then X is said to be modified soft
rough set.

DEFINITION 2.6. [7] Let S = (F,A) be a full soft set over U and
SAS = (U,S) be a soft approximation space. For a fuzzy set uy €
FS(U), the lower and upper soft rough approximations of 4 with re-
spect to SAS are denoted by SRAg5(pa) and SRAgas(14), respec-
tively, which are fuzzy sets in U given by:

SRAgas(1a)(@) = Mpaly); Ja € A{z,y} C F(a))}

SRAsas(pa) () = V{pa(y); Ja € A({z,y} C F(a))}

for all x € U. The operators SRA¢,q and SRAgas are called the
lower and upper soft rough approximation operators on fuzzy sets. If
SRAgas(pta) = SRAsas(pia), pa is said to be soft definable; otherwise
1 is called a soft rough fuzzy set.

3. Modified Soft Rough Fuzzy Set (MSRFS)

Shabir et al. [26] highlighted few drawbacks in Feng’s soft rough set
[7,8] and gave a new model for soft rough set. Meng et al. [16] showed
that the soft rough fuzzy set is an extension of Feng’s soft rough set.
From these results in this section is proposed the modified soft rough
fuzzy set. This extension overcomes the drawbacks of Feng’s and Meng’s
soft rough fuzzy sets.

DEFINITION 3.1. Let (F, A) be a soft set over U, where F' is a map
F:A— PU). Let ¢ : U — P(A) be another map defined as ¢(z) =
{a :z € F(a)}. Then the pair MSAS = (U, ¢) is called modified soft ap-
proximation space. For any fuzzy set puy € F'S(U), the lower and upper
modified soft rough approximations of p4 with respect to MSAS are
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denoted by MSRA;gas(pa) and MSRApsas(ia), respectively, which
are fuzzy sets in U given by:

MSRA ) ga5(pa)(T)
_ { pa(z) if ¢(z) # ¢(y) for all y € ((a)o)®
0 if p(z) = ¢(y) for some y € ((pua)o)©
for all € (u,)o and
MSRAmsas(pa) ()
1 if p(z) # 0 and ¢(x) = ¢(y) for some y € (a)o
= pa(z) if ¢(z) =0 and ¢(x) = ¢(y) for some y € (14)o
0 if ¢(x) # ¢(y) for all y € (11,)o

for all x € U. The operators MSRA,;q4g and MSRAsas are called
the lower and upper modified soft rough approximation operators on
fuzzy sets. If MSRA,;gas(ttn) = MSRANsas(pa), then py is called
modified soft definable; otherwise 4 is a modified soft rough fuzzy set.

REMARK 1. For any fuzzy set u4, it is easy to see that
o € MSRArgas(ta) C py and pg € MSRAysas(pa) C pu.

THEOREM 3.2. Let (F, A) be a soft set over U, MSAS = (U, ¢) be a
modified soft approximation space and py € FS(U). Then we have
1. MSRAyga5(pa) © pa © MSRAMsas(pa),

2. MSRA gas(1v) = pv = MSRANsas(pv),
8. MSRAyga5(po) = o = MSRAMsas (o).

Proof. Point wise proof is;

1. There are two cases for MSRA;g45(1ta)().
Case i. If MSRA;g45(1ta)(x) = pa(z) then we can write that

MSRBRArsas(ppa)(®) < pa(w).

Case ii. If MSRA,;g45(pta)(z) = 0 then MSRA,;q45(pa)(x) < pa(z)
because we know that 0 < pyu(z) < 1.

Thus, MSRAygas(1a) () < pa(z).
Now we want to prove that pa(z) < MSRAnsas(pa)(z).

There are three cases for MSRApysas(pa)(z).
Case i. If MSRApsas(pa)(x) =1 then we can write that
pa(r) < MSRAysas(pa)(x).
Case ii. f MSRAysas(pa)(z) = pa(z) then pa(z) < MSRApsas(pa)(z).
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Case iil. MSRAmsas(p1a)(z) = 0 when ¢(x) # ¢(y) for all y € (1, )o,
which further implies that = ¢ (11,)o. So pa(x) = 0.
Thus pa(z) < MSRApsas(pa)(@).
Hence

MSRAsas(1ta) © pra © MSRAysas(pa).

2. By (1), we can write that uy € MSRAysas(pv)-

By definition of M SRApsas(ta), we can write MSRApsas(pa) C
py for any fuzzy set pq. So MSRAysas(pw) C po-

ThUS, Hu = MSRAMSAS(H/U)'

By definition, it is noted that py(z) = 1 for all z € U. So ¢(z) #
¢(y) for all y € ((pv)o)® then MSRAyg5(pv)(x) = pu ().

Thus, MSRA, ;s4s(pv)(z) =1 for all z € U.

Hence

MSRAgas(pv) = v = MSRApsas(pv).

3. By (1), we can write that M.SRA;g45(tg) C pg.

By definition of M.SRA,;¢45(ttp), we can write

o © MSRA ) ga5(pa) for any fuzzy set pia. So pg © MSRAg45(1p)-
Hence MSRA545(10) = po-
It is obvious that (ug)o = 0.
So there does not exist any y in (ug)o-
This implies that ¢(x) # ¢(y) for all y € (ug)o -

Thus, MSRAysas(pg)(z) =0 for all z € U.

Hence

MSRAga5(10) = pto = MSRANsas (1)

]

THEOREM 3.3. Let (F, A) be a soft set over U, MSAS = (U, ¢) be a
modified soft approximation space and pq, pg € FS(U). Then we have

1. pa C pp = MSRA\ga5(1a) € MSRA6a5(15),
2. ppa € pug => MSRAysas(pa) € MSRApsas(18).

Proof. 1. Let puy4 C pp which implies that pa(z) < pp(x) for all
xeU.
If MSRA,;gas(pta)(z) = 0 then it is easy to see that
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If MSRApsas(pa)(z) = pa(z) and MSRAyg45(p5)(x) =
up(z) then MSRA ;gas(pia)(x) < MSRA,;gus(ps)(x) for all z €
U.

But MSRA, q15(1.0)(2) = jia(w) # 0 implies that ¢(z) £ 6(y)
for all y € ((py)o)® and = € (p,)o. So obviously z € (p,)0 as
pa € pg. It can be written that ¢(x) # ¢(y) for all y € ((up)o)S,
so by definition MSRA;¢45(ps)(xz) =0

Hence

MSRAg45(11a) € MSRA 645(118).

2. Let pa C pp which implies that p(x) < pg(z) for all x € U.
We want to show that MSRApsas(pa)(x) < MSRAysas(ps)(x)
for all x € U.
If MSRAMSAS(,LLB)<IL’) =1 then MSRAM5A5<MA>(.I)
< MSRApsas(ps)(x).

MERAysas()(z) = () # 1 and us(x) £ 0, when o(z) =
f and ¢(x) = ¢(y) for some y € (up)o. There are two possible
cases:

Case i. When ¢(z) = 0 and ¢(x) = ¢(y) for some y € (f14)o then

MSRAmsas(pa)(z) = pa(z).

Since pa(z) < pg(z) for all x € U.
S0

MSRAysas(pa)(x) < MSRAysas(us)(z).
Case ii. When ¢(x) = 0 and ¢(z) # ¢(y) for all y € (ua)o then
MSRAMSAS(/J.AXx) =0.

Thus MSRAMSAS(MA)(x) S MSRAMSAS(/LB)(.TJ).
Hence
MSRAMsas(pa) € MSRAsas(1B).
O]

The following theorem can be easly proved by using Theorem 3.4.

THEOREM 3.4. Let (F, A) be a soft set over U, MSAS = (U, ¢) be a
modified soft approximation space and pg, pg € FS(U). Then we have

1. MSRAMsas(paUpg) 2 MSRAysas(pa) U MSRAMsas(1B),
2. MSRA1g5(paNps) € MSRAga5(pa) N MSRA )y ga5(15),
8. MSRAygas(paUps) 2 MSRAygag(pa) U MSRA ) gas(15),
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MSRAysas(paNpus) € MSRAysas(pa) N MSRANsas(15)-

THEOREM 3.5. Let (F, A) be a soft set over U, MSAS = (U, ¢) be a
modified soft approximation space and py € FS(U). Then we have

1.

MSRANsas(MSRA ) ga5(p1a)) 2 MSRAg45(114),
MSRAysas(MSRAgas(pta)) 2 MSRA\g45(14)
MSRA gas(MSRAsa5(114) € MSRA ga5(Ha),
MSRA g45(MSRANsas(p1a)) € MSRAMsas(1a),
MSRAysas(MSRAsas(pa)) 2 MSRAysas(pa).

)

Proof. Point wise proof is given below.

1.

By definition we know that ps(z) < MSRApsas(pa)(x) for any
fuzzy set py. Now replace puq by MSRA, g45(11a) then we get
MSRApsas(pa)(x) < MSRAMsas(MSRAg45(104)) ().

Hence

MSRA ) sa5(pia)(x) € MSRANsas(MSRArgas(1ia)) ().

. By Theorem 3.4(1) we know that MSRA,,¢45(ta) € pa and by

using Theorem 3.4(2) it can be written that
MSRAysas(MSRA )y ga5(1a) © MSRA g 45(114)-

. By definition we know that MSRA,;qus(pa)(x) < pa(z) for any

fuzzy set p4. Now replace g by MSRAsas(pta) then we get
MSRAgas(MSRAsas(11a))(x) < MSRAysas(pa) (7).

Hence

MSRA, ;g4s(MSRANsas(pa)) € MSRANsas(fia).

. By Theorem 3.4(1) we know that puy 2 MSRApMsas(ia) and by

using Theorem 3.4(2) it can be written that

MSRANsas(MSRANsas(pa)) 2 MSRAysas(pa)-

]

EXAMPLE 3.6. Let U = {uy, ug, us, ug, us, ug} be the set of six utility
stores (universe set) and A = {ej, e, e3,e4} C E, where e; represents
empowerment of sales, ey represents perceived quality of products, e3
represents high traffic location, e4 represents covered area. The soft set
(F, A) is representing this data in Table 1.

F:A— PU)

¢:U — P(A)
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Table 1. Soft set (F, A)

Uy U U3 Ug Uz Ug
el]l1 1 1 1 1 1
e2(1 0 1 1 0 1
e/l 0 0 1 0 1
ea/0 1 0 0 1 0

Then the MSAS (U, ¢) will be ¢(u1) = {e1, e2,e3}, d(uz) = {e1,es},
O(us) = {e1, e2}, d(ua) = {en, €2, €3}, d(us) = {e1, ea} = P(ua), d(ug) =
{er,e2,e3} = ¢(ua) = d(ua).
Ha = {(u170'3) (UQ ) ( O),(u4,0),(u5,0),(u6,0)}
MMSAS(MA) {(ub ) (u270)7 (’LL3,0), (U4,O), (’LL5,0), (u670)}
MSRAMSAS(MA) {(ul 1) (UQ,1),(u3,0),(u4,1),(u5,1),(u6,1)}
HB = {(ulv 0) <u27 0. 4) (U3, 0) (u47 0. 7)7 (u5a 0)7 (U6> 0)}
MSRAMSAS(:U’B) - }Eu ) ( ) (u3,0),(u4,0),(u5,0),(u6,0)}

(

MSRAsas(is) = ) (Uz, 1), (us,0), (w4, 1), (us, 1), (ug, 1)}
1a U i — { (1, 0.3), (uz, 0.4), (115,0), (114, 0.7), (15, 0). (ttg, 0)}
MSRAMsas(1taVps) = {(Ul 1), (U2>1)7 (us,0), (ua, 1), (us, 1), (ug, 1)}
MSRAMSAS(MA)UMSRAMSAS(MB> = {(ul, 1), (Ug, 1), (’LLg, O), (U47 1),
(U5, 1)7 (U67 1)}
Note that

MSRAnsas(ppa) UMSRANsas(ps) = MSRAsas(fta U ps).

pa N ps = {(u1,0), (uz,0.4), (us,0), (ug,0), (us,0), (ug, 0) }
MSRAMSAS(M.AQIU/B) = {(ula O)a (u27 1)7 (Ug, O)a (U4, 0)7 <U5, 1)7 (uﬁa 0)}
MMSAS(NBOMB) = {(Uh 0)7 (u27 0)? (U’37 0)7 (U4, 0)? (u57 0)7 (u67 0>}
MSRAyg45(18) N MSRA g 45(1ta) = MSRA65(1s N pis).
MSRAMSAS*(,MA)ﬂMSRAMsAS(,uB) = {(ul, 1), (UQ, 1), <U3, 0), (U4, 1),

<u5’ 1)) (u67 1)}

Where
MSRAysas(ppa) N MSRAysas(us) € MSRAysas(pia N ps).

pe = {(u1,0), (uz,0.4), (us3,0.6), (u4,0), (us,0), (us, 0) }
MSRAsas(pe) = {(u1,0), (uz,0), (u3,0.6), (us,0), (us, 0), (us,0) }
MSRAMsas(pc) = {(Ul, 0), (Uz, 3,1), (us,0), (us, 1), (us,0)}
pio = {(u1,0), (u2,0), (u3,0.3), (u4 (u5 0.7), (us,0) }
MSRAMSAs(MD) {(u1,0), (us, ) (u3,0.3), (us 0) (us,0), (ug,0)}
MSRAysas(pp) = {(u1,0), (uz, 1), (us ) (u4,0), (us, 1), (us,0) }

1), (u
,0),
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pe U pup = {(u1,0), (uz,0.4), (ug, 0.6), (uyg, 0), (us,0.7), (ug, 0) }

MMSAS(MCUMD) = {(ub 0)7 <u27 0'4)7 (u37 0'6)7 (U4, O)a (’LL5, 0'7)7 (u67 O)}

MMSAS(NC)UMMSAS(MD> = {(uh 0)7 (u27 0)7 (U3, 06)7 (U4, O),
(u57 0)? (u67 0)}

Note that

MSRA ) gas(pic U pp) € MSRA gas(pe) UMSRA 5 45(1ip).

MSRAsas(peUpp) = {(u1,0), (ug, 1), (us, 1), (us,0), (us, 1), (us,0)}
He M pp = {(u170)7(u270>7(u3703) <U4, ) (u570) <u670>}

MMSAS(MCHMD) - {(uly 0)7 (u27 O) (Ug, 0. 3)7 (u47 O)a (u57 0)7 (uﬁa O)}
Note that

MSRAgas(ptc N pp) = MSRA gas(pic) "MSRA gas(ip)-

REMARK 2. In general
MSRAMsas(1%) € (MSRAg45(14))

MSRAysas(1S) 2 (MSRA6as(14))°,
(MSRANsas(114))" € MSRA1as(1%)

and

(MSRAwsas(pa))® 2 MSRAsa5(H)-

EXAMPLE 3.7. Let U = {uy, ug, ug, ug, us, ug, uz, us, ug } be the set of
nine utility stores (universe set) and A = {ej,eq,e3,e4} C E, where
e represents empowerment of sales, es represents perceived quality of
products, e3 represents high traffic location, e, represents covered area.
The soft set (F, A) is representing this data in Table 2.

F:A— PU)

¢:U — P(A)

Table 2. Soft set (F, A)

Uy Uz U3 Ug U Ug Uy UL Ug
eqll 1 1 1 1 1 0 0 0

e/l 0 1 1 0 1 0 0 O

es/l1 0 0 1 0 1 O O O

e2/0 1 0 0 1 0 0 0 O
Then the MSAS (U, ¢) will be ¢(u1) = {eq, ez, e3}, p(uz) = {e1,es},
d(us) = {e1, e}, dlus) = {er, e, e}, dus) = {e1, ea} = P(uz), Pp(ug) =

{er, ea,e3} = @(ua) = d(ur), ¢(ur) =0 = ¢(ug) = d(uy).
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If we take g = {(u1,0.3), (ug,0.4), (us, 1), (ug, 0), (us, 1), (ug, 0), (ur,0.2),
(us, 0), (ug, 1)}, then p4 = {(u1,0.7), (ug,0.6), (us,0), (u4, 1), (us,0),
(ug, 1), (uz, 0.8), (us, 1), (ug, 0)}.

Next we calculate some approximations.

—MSRAMSAS(MA) = {(ubo)v (U2,0.4), (U3, 1)’ (U4,O), (u57 1)7 (u6>0)7
(ur,0), (us,0), (ug,0)}

(—MSRAMSAS(NA)>C = {(uh 1>= (u27 06)7 (u37 0)7 (U4, 1)7 (u57 0)7 (u67 1)?
<u7’ 1)7 (u87 1)7 <u97 1>}

MMSAS(MCA) = {(u1>0'7)> (u2>0>7 (U3,O), (U4, 1)7 (U5,0), (u6> 1)7
(u77 0)7 (u8> 0)’ <u97 O>}

(—MSRAMSASQL?&\))C = {(uh 03)7 (u27 1)7 (U3, 1)7 (U4, 0)7 (u57 1)7 (U(;, 0)7
<u7’ 1)) (u87 1)? (u9’ 1)}

MSRAMSAS(MA) = {(ulal)v (U’271)7 (U3,1), <U4,1>, (u571)7 (u671>7
<U7, 02), (U87 0), (’LLg, 1)}

(MSRAMSAS<NA>>C = {(uh 0)7 (u27 0)7 (U3, 0)7 (U4, 0)7 (U5, 0)? (u67 0)?
<U7, 08), (U87 1), (’LLg, O)}

MSRAMSAS(NZ\) = {(ulal)v (U271)7 (U3,0), (U4,1), (u571)7 (U671>7
<U7, 08), (U87 1), (’LLg, O)}

(MSRAMSAS<:U54))C = {(uh 0)7 (U27 0)7 (U37 1)? (U47 0)7 (U57 0)7 (U67 0)7
<U7, 02), (Ug, 0), (UQ, 1)}

Note that

(MSRAgas(ha)) (ug) < MSRANsas(115)(u2)

and
MSRAmsas(pi)(ur) < (MSRAyg45(1a)) (ur).
Thus
MSRAmsas(ts) € (MSRArgas(114))°
and
MSRAysas(p) 2 (MSRAygas(1a))"
Note that
MSRA s a5(0)(u1) > (MSRAMsas(a))(ur)
and
(MSRAnsAs(a)) (ur) > MSRA)s45(15) (ur).
So
(MSRAMsas(pa)) € MSRA ) gas(1S)
and

(MSRAMSAS(MA))C ;—b MMSAS(N;)'
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It is easy to note that
(MSRAMsas(1%))" € MSRA ) g45(184)

and

(MSRAMSAS ;,7_5 MSRAMSAS(:“A)'

Therefore

MSRAsas(1a) ,@ (MMSAS(N%))C
and

MSRAsas(pa) 2 (MMSAS(//&\))C'

MSRA 545 MA) = {(ul?o)a (u270'4)7 (u371)7 (U4,0), <U5, 1)7
(u670)> (u7>0)’ u870>7 (u970)}

MSRAMSAS MSRAMSAS(MA)) = {<u170)> (U2,0.4), (U3, 1)7
(U4,0), (U57 1)7 UG,O), (U770)7 (Ug,O), (Ug,O)}

MSRApsas MSRAMSAS(:“’A)) = {(uho)v (U’?’ 1)7 <U3, 1)? (U4,0),
(U5, 1)7 (u6> 0)7 uz, O)? (u87 0)7 (U9, O)}

Note that

N~

PN

MMSAS(MMSAS(#A)) = MMSAS(#A)

and

MSRANsAs(MSRA rsa5(11a)) DO MSRA ) rgas(p4)-

MSRAMSAs(,uA) = {(ul,l), (ug,l), (U3,1), <U4,1), (u5,1), (u6,1),
(u7,0.2), (us,0), (ug, 1)}

MSRAMSAS(MSRAMSAS<MA)) = {<u17 1)7 (u27 1)? (U3, 1)7 (U4, 1)7
<u5’ )’ (u67 ) (u7’ )7 <U870)7 (u970)}

MSRAMSAS(MSRAMSAS(/LA)) {(ul, 1), (Ug, 1), (U3, 1), (U4, 1),

(U5, )7 (u67 ) (U7,0.2), (Ug,O), (U9, 1)}
Thus

MSRA gas(MSRAMsas(ppa)) C MSRANsas(1ta)

and

MSRANsas(MSRANsas(pta)) = MSRANsas(fta)-
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4. Conclusions

Fuzzy set theory has been successfully used to handle vagueness and
imprecision in information, meanwhile the soft rough set theory has been
remarkably applied to the approximation of undefinable sets. Approx-
imations of undefinable set are important and needed. In the existing
literature these approximations do not satisfy the basic properties of
approximation measure. Therefore, MSRFSs have been introduced to
overcome such deficiencies. It has been also shown that MSRFS provide
better approximations of undefinable sets. Our study present prelimi-
nary results and has significant potential for new research directions in
future.
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