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Abstract

One key aspect of soft set theory is abstraction. The main
idea in soft set theory revolves around making decisions with
the guidance of experts. The combination of soft sets and
rough sets led to the creation of soft-rough sets. This study ezx-
pands the concept of soft-rough matrices to square soft-rough
matrices (ss—r m). Various noteworthy properties of ss—r m
are examined in this paper.
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1 Introduction

Various old theories, like Probability theory, Theory of evidence, and the
Heisenberg uncertainty principle, are in books to deal with uncertainty well.
Alongside these, recent tools such as fuzzy sets, rough sets, soft sets, neu-
ral networks, and genetic algorithms offer better ways to handle uncertainty.
Many researchers actively contribute to improving these recent uncertainty
theories. Present studies focus on mixes of these theories, like soft-rough sets,
rough soft-sets, soft-rough fuzzy sets, rough soft fuzzy sets, modified soft-
rough sets, and more. This book aims to explore the theory of uncertainty in
fuzzy sets, rough sets, and soft sets. The main goal is to study mixes from
the three theories, particularly soft-rough sets, soft-rough fuzzy sets, and soft-
rough interval-valued fuzzy sets. As an extension of soft-rough matrices, the
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idea of square soft-rough matrices is introduced, and some of their features are
looked into.

There are different tools to deal with uncertainty, including old theories
like Probability theory and newer ones like fuzzy sets, interval-valued fuzzy
sets, intuitionistic fuzzy sets, rough sets, and soft sets. In Pawlak’s rough set
theory [8], uncertainty is shown by the edge of a set instead of a membership
function. Vijayabalaji and Balaji [12] made rough matrices using rough mem-
bership functions and suggested a decision theory. Molodstov [6] talked about
problems in existing theories, like rough sets, and said they lack good tools.
He introduced a new mathematical tool, soft sets, to fix these problems and
make dealing with uncertainties better. Soft sets let us roughly describe things,
and we can use different things like real numbers, functions, and words. Maji
and Roy [5] used soft sets in decision-making, and Wille [14] showed property
systems in a binary way. Several researchers [3,7,9,10,15] studied property
systems and exhibited how they relate to data analysis. Cagman [1,2] sug-
gested a decision-making way and said soft matrices represent soft sets. They
are good because we can easily store and work with them on computers. Vi-
jayabalaji and Ramesh [11] showed product soft matrices and talked about a
decision theory. Feng Feng [4] talked about mix models from soft sets and
rough sets, like soft-rough sets. Soft-rough sets are new because they make
a new structure using soft guesses instead of Pawlak’s rough ideas. Maji and
Roy [5] used AHP in group decisions with soft matrices. Vijayabalaji [13] in-
troduced the concept of soft-rough matrices by building upon soft-rough sets.
He structured these matrices by assigning three values to the positive region,
negative region, and boundary region of a soft-rough set. Section 2 explains
why there is a requirement for square soft-rough matrices, while Section 3
presents these matrices, introducing compelling concepts and rules.

2 Need of square soft-rough matrices

Soft set theory involves abstraction, focusing on decisions guided by experts.
The collaboration of soft sets and rough sets gave rise to soft-rough sets. In
this research, the idea of soft-rough matrices is broadened to square soft-rough
matrices (ss—t m). This paper explores several important characteristics of
ss—1r m. A square soft-rough matrix is an n by n matrix, where n is the number
of rows and columns. The advantage of using a square soft-rough matrix lies
in its symmetry and uniformity. Because it has an equal number of rows and
columns, it simplifies certain computations and analyses. This symmetry can
lead to more efficient mathematical operations and a clearer representation of
relationships within the data. Additionally, the square format can enhance the
applicability of square soft-rough matrices in various mathematical and com-
putational models, making them versatile and easier to work with in certain
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contexts.

3  Square soft-rough matrices

This part introduces our new idea, square soft-rough matrices, with clear ex-
planations and includes interesting definitions and theorems for better under-
standing.

Definition 3.1. A special function Isg : U — {0,0.5,1} defined on soft-
rough set is termed as square soft-rough matrix (s-s-r m).
That is a soft-rough matrix is defined by

1, ifu € Posy(X)

wsg =14 0, ifu e Negy(X)
a, ifu € Bnd,(X),where a =0.5

011 012 - Oin

021 022 "' O
SO, WSR — . . . = (Qxy)nn-

Om1 Om2 " Onn
Definition 3.2. A s-s-r m is said to be zero s-s-r m if g,, = 0 for all
Oxy € WSR--
Definition 3.3. The complement of a s-s-r m is defined as 0,y = 1 — 04y
for all o,y € wsg.
Definition 3.4. Let [ayy| and [b,,] € wsr. Then the intersection of [g,,]
and [, ] is defined by [04y] N [Szy] = min{ouy, Suy}-
Definition 3.5. Let [0.y] and [¢;,] € wgr. Then the union of [p,,] and

[gry] is defined by [me] U [%y] = max{gmy, gwy}‘

Theorem 3.6. Let [04y] and [¢;y] € wsgr. Then
(1) ([0y] U [Say])® = [0ay]® N [Say)"-
(12) ([0zy] N [Say])® = [0ay]® U [Gay)"

Proof.

(7) For all x and y,

([02y] U [ay))”

= (max {0uy, Suy}* ) ©
= 1- max {0uy, Suy }
=min {1 — 04y, 1 — Gy}
= [Qﬂcy]c N [gxy]c~

(77) For all z and vy,

([zy] N [Say))
= (min {0uy, Sy} )
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= 1- min {0y, Suy }
= max {1 — 0uy, 1 — 4y}
[02y]° U [Gay ]

Theorem 3.7. Let [04y], [Szy] € wsr. Then
(i) Ozy U Ay = 02y

(i1) Ouy N azy = Ouy

(ili) Ory U Say = Say U 0uy

(iV) Oay M Soy = Say N Oay

Proof.

Let 04y € Isr

(Z)Q:ch U Ozy = Qgy

Oxy U Ozy = [Qa}y] U [Qxy] for all T,y

= {max{gl’yv Qacy}} for all T,y

= {0uy}

= Ozxy-
(”)wa N Ozy = Ozy

wa N wa — [Qxy] N [wa] fOl“ a].l Z, y
= min{gxyzy, 0y Hor all z,y
= {0y}

= QOzy-
(Z“)me N Szy = Szy N Ozy

Ozy N Suy = {02y } N {Suy Hor allz, y
Qxy N gxy = min{@xya gzy} fOI’ all x,y
= min{q,,, 0,,} for all z,y

= byy N Oay-
(iv)QI’y U Sey = Sxy U Oxy
Oxy U Szy = {chy} U {gxy} for all T,y

Oy U Sy = Max{ 04y, Suy } for allz, y
= max{S,y, 0z} for all z,y

= Say U Oxy-

Theorem 3.8.  Let [04y], [Szy] and [&4y] € wsr. Then
() (0ay U Saoy) U &ay = Oay U (Say U &ay)
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(“)(Qﬂﬁy N Cﬂo‘y) N g:vy = sz N (C:Cy N gxy)
Proof.
Let Oxy 5 Szy and fa:y S ISR

(0)(Oay U Say) U Lay = Ay U (Say U Eay)
(02y U Say) U &ay = (Oay U Say) U oy
= max{ 0yy, Suy } U &gyfor all z,y
= max{max{gmy, Sey }s fxy}
= max{ Oy, MAX{ Gy, fl,y}}
= Ory U max{cuy, &y}

= Ozy U (ga:y ) gccy)

(7) (02y N Say) N &y = 0y N (Say N Eay)

(02y N Say) M Eay = (Ouy M bay) N &y
= min{ 04y, Suy } N &y for all z,y

= min{ Oy, MIn{G,y, oy }

= 0yy NMin{qy, &yt
= Ozy N (%y N 53:1/)

Theorem 3.9. Let [04y], [Szy] € wsr. Then
(1)(02y U Say)© = 02y N6y©

(12)(0zy N §2y>c = erc U gryo

Proof.

Let 04y&Ssy € Isr

(1) (02y Ucay)” = (Qﬂcyzy U Gay)© for all 2,y

(Q:ry U gxy>c =1- (wa U gﬂﬂy)
{max Ozy» Say }for all x,y
= mln{ 1 — 04y), gxy)}

Qxy y Szy }

C
:me mgxy .

= min
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<me N gwy)o = 1= (Q:Ey N gxy)
= {m N(0y; Sry } for all z,y
= { me gxy)}

C
ZmaX{sz y Szy }

C C
= Ouy UGz .

Theorem 3.10. Let [04y], [s2y] and [&y] € wgr. Then
(1) (Oay U Say) M &ay = (Aay N Cay) U (Say N &ay)

(7) (02y N Say) U &y = (Aay U Cay) N (Say U &)
Proof.

Let 02y,Sy and &y € Igp.
(1) (02y U Say) Ny = (0y N Cay) U (Soy N &ay)

(Oay U Say) Ny = max{gxy, gwy} N &ay
= min{max(gxy, gmy)a fzy}
= max{min(gxy, Cay)s MIN(Cyy, fxy)}

= min{gmy, ny} U min{gxya f:ry}
= (wa N ny) U (g:zy M Czy)-

(1) (Owy N Say) U Cay = (0ay U Cay) N (Say U Cay)
(0wy N Say) U Cay = H{Qmﬁ gxy} U Cay
= max{rmn Oy Szy)s cxy}
= mm{max Oy Cay), MAX Gy, czy)}

= max{gw, cxy} N max{gxy, cxy}
= (0uy U Cay) N (Say U )

Theorem 3.11. Let [04y] € wsr. Then
Oxy U Ozy = Oxy N Ozy = Oxy-
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Proof.
Follows from Theorem 3.7.

Theorem 3.12. Let [04y] and [¢;y] € wgr. Then
(1)02y U (0zy NV Soy) = 0ay

(ii)givy N (wa U §my) = Ozy-
Proof.

Let 04y and ¢,y € wsgr

(1) 02y U (0ay N Szy) = Oay U (0ay M Say) for all xy
= maX{Qxyy ((Qggy ﬂ gzy)}
= max{gxy, min(sz, §zy>}

= Ozy-

(ii)gmy N (Qa:y U gmy) = Ozyyy N (erxy U gmyxy) for all x,y

= min{@xw (Q:ty U gxy)}

= min{gxy, max( gy, §xy)}

= Ozy-

Theorem 3.13. Let [04y] and [¢;y] € wgr. Then
(1) 02y U Sy = Say U Ouy

(4) 02y M Sy = Say N Ouy-

Proof.

Follows from Theorem 3.7.
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Definition 3.14. Let 0,y € wsr. Then the transpose of g,, is defined as

meT = Ogy-

Theorem 3.15. Let [04y] € wsr. Then
(4) (0zy U Q_wy)T = Q_zyT

(i1) (Qay N Ory)" = 0ay”

(#18)(0ry" )" = ay-
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Proof.
Let 04y € Isr and an:T = Oxy

(4)

(0zy U wa)T = (maX(erv wa))T
= <9wy)T-
(i)

T
(Ql‘y N Ql‘y)T = (min(Qa:ya me)
= (Q:vy)T
= Oy
= Ony -

(401) (02y ") = 04y for all x,y

(QxyT)T = (QxyT)T
= nyT

= Ozy-

Theorem 3.16. Let [04y] and [0,] € wskr. Then

(”(Qazy U gxy)T = szT U CmyT
(1) (Qey N Soy) " = 0uy” NGy

Proof.
Let 04y, by € Isp and
QyIT = szand gyazT = Ozy € WSR

T
(0ny Ubyy) = <max{gxy, gxy}> for all z,y
= max{ 0y, Syo } for all x,y
= Qyzx U Syx

T T
= Ozy U§a:y .

T
(0ny NGy) " = (max{gwy, bxy}> for all z,y
= min{ gy, 5y, Hor all z,y
= Qyzx N Syx

T T
= Ozxy mgzy .
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Theorem 3.17. Let [04y], [S2y] and [&;,] € wsr. Then
() [23) U (o] 01 Exu])= (2un] U fses)) P (] U [Ey]).
(59) [0m) 0 ([523) U [Exy)= ([020] 1 [sm]) U ([2r0] N [Exe]).

Proof.

(7) For all x and v,

([0zy] U ([Say] N [€ay])

= max{[0uy), [Soy] N [Eay]}

= max{[0zy], min{[csy], [{ay]}}

= min{max{[0sy], [Szy|}, max{[osy], [{2y]}}

=([0zy] U [day]) N ([02y] U [€ay))-

(77) For all z and y,

([0wy] N ([Say] U [Eay])

= min{[0z], [Sey] U [€xy]}

= min{[os,], max{[csy], [{ay]}}

= max{min{[0sy], [Szy|}, min{[ozy], [€ay]}}
=([ozy] N [Say]) U ([02y] N [€2y])-

Definition 3.18. Let [04y] and [¢;,] € wgr. Then the not intersection of
[0zy] and [¢y] is defined by [goy]A[Gey] = min{1 — 04y, 1 — Gay }-

Definition 3.19. Let [0.y] and [¢;y] € wsr. Then the not union of [g,,]
and [¢,,] is defined by [04y]V[zy] = min{1l — 04y, 1 — ¢4}

Theorem 3.20. Let [04y] and [dy,] € wskr. Then
(1) ([ozy] A [Say])® = [0y]® V [Say]-
(44) ([wa] \ [va])c = [me]c N [da:y]c-

Proof.

(7) For all z and y,

([0zy] A [Say))
= (max {1 — ¢y, 1 — <y} ) ©
= 1- max {1 — 04y, 1 — Gy}
=min {1 — (1 — 0gy), 1 — (1 — <)}
=min{l — [0,,]% 1 — [czy°}
= [02y]° V [Suy]®
(77) For all z and y,
([0zy] V [Say))*
= (min {1 — gy, 1 — Gy} ) ©
= 1- min {1 — 04y, 1 — Gy }
=max {1 — (1 — 04y), 1 — (1 —up) }
=max{l — [0s,]°, 1 — [¢z]}
= [02y]° V [Suy]®-
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4  Conclusion

This paper talks about square soft-rough matrices (ssr m) and presents some
interesting theorems and results related to them. This theory expands the
concept of soft-rough matrices to ssr m.

5 Open Problem

Our research suggests that the following open problems could potentially be
resolved.

(1) Is it feasible to determine the inverse of ssr m.

(2) Can we explore the concept of determinant and adjoint of SSRM in an
intriguing manner.

ACKNOWLEDGEMENTS.

The author extends his heartfelt appreciation to the anonymous referees for
their valuable comments and suggestions, contributing to the improvement in
the quality of the paper.

References

[1] N. Cagman, S. Enginoglu, Soft Set Theory And uni-int Decision
Making, European Journal of Operational Research, Vol. 207, pp. 848-
855, 2010.

2] N. Cagman, S. Enginoglu, Soft Matriz theory And Its Decision Mak-
ing, Computers and Mathematics with Applications, Vol. 59, pp. 3308-
3314, 2010.

[3] I. Duntsch, G.Gegida, Modal-Style Operators In Qualitative Data
Analysis, Proc. of the 2002 IEEE Int. Conf. on Data Mining, pp. 155
- 162, 2002.

[4] Feng Feng, Soft Roungh Sets Applied To Multicriteria Group Decision
Making, Annals of Fuzzy Mathematics and Informatics, vol. 2, No.1, pp.
69-80, 2011.

[5] P. K. Maji, A. R. Roy, An Application of Soft Set in Decision Making
Problem, Computers and Mathematics with Applications, Vol. 44, pp.
1077-1083, 2002.



48

(6]

[7]

[10]

[11]

[12]

[13]

[14]

Srinivasan Vijayabalaji

D.A.Molodstov, Soft Set Theory - First Result, Computers and Math-
ematics with Applications, Vol. 37, pp. 19-31,1999.

P.Pagliani, M.K. Chakraborty, Information Quanta and Approzi-
mation Spaces I and II. In: Proc. IEEE-Grc 2005, pp.605-610, 611-616,
Springer, 2005.

Z. Pawlak, Rough Sets, International Journal of Information and Com-
puter Sciences, 11 (1982) 341-356.

G. Sambin, Intuitionstic Formal Spaces - A First Communication. In
D.G. Skorder(Ed.), Mathematical Logic and Its Applications. pp. 187-
204, Springer, 1988.

D. Vakarelov, in Information Systems, Similarity Relations and Modal
Logics.in E. Orlowska(Ed.), Incomplete Information: Rough Set Aanly-
sis, pp. 492-550, Physica-Verlag, 1998.

S. Vijayabalaji and A. Ramesh, A New Decision Marking Theory in
Soft Matrices, International Journal of Pure and Applied Mathematics,
Vol.86, No.6, pp. 927-939, 2013.

S. Vijayabalaji and P. Balaji, Rough Matriz Theory and its Deci-
ston Making , International Journal of Pure and Applied Mathematics,
accepted,2013.

S. Vijayabalaji , Multi Decision Marking Theory in Generalized Soft-
Rough Matrices, Mathematical Sciences, Vol.3, No.1, pp. 19-24, 2014.

R. Wille, Restructuring Lattice Theory: An Approach Based on Hier-
archies of Concepts. Ordered sets, pp. 445-470, Reidel, 1982.

[15] Y.Y. Yao, A comparative study of formal concept analysis and rough

set theory in data analysis , Proc.of third International Conference on
Rough sets and current trends in Computing, 2004.



