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Abstract 

The original rough set model is concerned primarily 
with the approximation of sets described by single binary 
relation on universe. In the view of granular computing, 
classical rough set theory is researched by single 
granulation (static granulation). The article extends the 
Pawlak rough set model to rough set model based on 
multi-granulations MGRS, where the set approximations 
are defined by using multi-equivalences on the universe. 
Mathematical properties of MGRS are investigated. It is 
shown that some properties of Pawlak rough set are 
special instances of MGRS, approximation measure of 
set described by using multi-granulations is always 
better than by using single granulation, which is suitable 
for describing more accurately the concept and solving 
problem according to user requirement.  
 
Keywords:Rough set; Multi-granulations; Approximation 
measure. 
 

1. INTRODUCTION 
 

Rough set theory, proposed by Z. Pawlak [1], has 
become well established as a mechanism for uncertainty 
management in a wide variety of applications related to 
artificial intelligence. Several extensions of rough set 
model have been proposed in the past, such as variable 
precision rough set (VPRS) model (see [2]), rough set 
model based on tolerance relation (see [3]), Bayesian 
rough set model (see [4]), fuzzy rough set model and 
rough fuzzy set model (see [5]), etc. In the view of 
granular computing, however, a general concept 
described by a set is always characterized via the so-
called upper and lower approximations under static 
granulation, i.e., the concept is depicted by known 
knowledge induced by single relation on the universe. In 
practice, we often need to describe the concept through 
multi-relations on the universe according to user 
requirement or the target of solving problem. In the view 
of granular computing (proposed by L. A. Zadeh [6]), an 

equivalence relation on the universe can be regarded as a 
granulation, and a partition on the universe can be 
regarded as a granulation space [7, 8]. Several measures 
in knowledge base closely associated with granular 
computing, such as knowledge granulation, granulation 
measure, information entropy and rough entropy, were 
discussed by J. Y. Liang and Z. Z. Shi in [9, 10]. The 
main objective of this paper is an extension of classical 
rough set under static granulation, rough set model based 
on multi-granulations (MGRS).  

The paper is organized as follows: in section 2, the 
basic concepts of rough set theory are reviewed. Rough 
set method based multi-granulations is proposed, its 
some useful properties are obtained in section 3. In 
section 4, we conclude the present research.  

 
2. ROUGH SET CONCEPTS 

 
Rough set theory [1] has become well established as a 

mechanism for uncertainty management in a wide variety 
of applications related to artificial intelligence.  

  Let ),( RUK =  be an approximation space, where 
U  is a non-empty, finite set called the universe; R  is a 
partition of U , or an equivalence relation on U . Rx][  

)( Ux ∈  denotes the equivalence class containing x .  
  An approximation space ),( RUK =  can be 

regarded as a knowledge base about U . Equivalence 
class of R is also called elementary set. The equivalence 
relation R  partition the universe U into disjoint subsets. 
This partition of the universe U induced by R is denoted 
by RU / .  

Given an equivalence relation R on U , and a subset 
X , we can define a lower approximation of X  in U  

and a upper approximation of X  in U  by the following  
        },][|{ XxUxXR R ⊆∈= ∪          (1) 

and  



 

      }.][|{ ∅≠∩∈= XxUxXR R∪        (2) 

The R -positive region of X  is XRXPOSR =)( , 

the R -negative region of X is XRUXNEGR −=)( , 
and the boundary or R -borderline region of X  is 

XRXRXBN R −=)( . X  is called R -definable if 

and only if XRXR = . Otherwise XRXR ≠ and X  
is rough with respect to R . 

We call X  is R -definable if and only if  

XRXR = , and X  is rough with respect to R  if and 

only if XRXR ≠ . 
Let ),( RUK =  be an approximation space, UX ∈  

a subset on U . The approximation measure )(XRα  is 
defined as   

                                ,)(
XR
XR

XR =α                         (3) 

where ∅≠X , X  denotes the cardinality of set X .  

Let ,(UK = R ) be a knowledge base, ∈QP, R two 

equivalence relations, },,,{/ 21 mXXXPU "=  and 

},,,{/ 21 nYYYQU "= are partitions induced by P  

and Q . We define a partial relation ≺  on R as follows: 

QP ≺ , if and only if, for every PUX /∈ , there 
exists QUY /∈  such that YX ⊆ . That is to say, Q  

is coarser than P , or P  is finer than Q . If QP≺  and 
QP ≠ , we say Q is strictly coarser than P  (or P  is 

strictly finer than Q ), and denoted by QP ≺ . In fact, 
⇔QP ≺  for every PUX /∈ , there exist 

QUY /∈ such that YX ⊆ , and exist PUX /0 ∈ , 

QUY /0 ∈ such that 00 YX ⊂ .  
 
3. ROUGH SET APPROXIMATION  

BASED ON MULTI-GRANUALTIONS 
 
In the view of granular computing, the approximation 

of a set is described by using a single equivalence 
relation (granulation) on the universe. Simply, we discuss 
firstly the approximation of set by using two equivalence 
relations on the universe, i.e., the target concept is 
described by two granulation spaces.  

Definition 1. Let ( , )K U= R  be a knowledge base, R 
a family of equivalence relations, UX ⊆ , ∈QP, R , 

we define a lower approximation of X  and a upper 
approximation of X  in U  by the following 

},][][|{ XxorXxxXQP QP ⊆⊆=+ ∪     (4) 
and 

                 ).(~~ XQPXQP +=+                     (5) 
    We will illuminate the rough set approximation based 
on multi-granulations and the deference between the 
rough sets method and Pawlak rough sets by the 
following example.  

Example 1 Let ( , )K U= R be a knowledge base, 

UX ⊆ , ∈21 , RR R , where ,,,,{ 4321 eeeeU =  

},,, 8765 eeee , },,,{ 8621 eeeeX = .       

}}{},,,,,{},,{{/ 865432711 eeeeeeeeRU = , 

}},,{},,,{},,{{/ 876543212 eeeeeeeeRU = ,  

}}{},{},{},,,{},{},{{/ 8765432121 eeeeeeeeRRU =∩ .  
By computing, we have that 

}][][|{
2221 XxorXxxXRR RR ⊆⊆=+ ∪  

}{ 8e= ∪ },{ 21 ee  

},,{ 821 eee= , 

).(~~ 2121 XRRXRR +=+  

       },,,,,,,{ 87654321 eeeeeeee= ∩ },,,,{ 87621 eeeee  
},,,{ 7621 eeee= .   

},,,{ 862121 eeeeXRR =∩ ,  

},,,{ 862121 eeeeXRR =∩ .   
Obviously, it follows from above computation that 

XRRXRR 2121 ∩≠+ ,  

XRRXRR .2121 ∩≠+ .  
Directly from the definition of approximations we can 

get the following properties of the lower and the upper 
approximations.  

Proposition 1. Let ( , )K U= R be a knowledge base, 
UX ⊆ ,  ∈QP, R , the following properties hold 

1) ;XQPXXQP +⊆⊆+  

2) ∅=∅+=∅+ QPQP  ;  

UUQPUQP =+=+ ; 

3) XQPXQP +=+ ~)(~ ;  

XQPXQP +=+ ~)(~ ; 



 

4) ;)()( XQPXQPQPXQPQP +=++=++  

5) ;)()( XQPXQPQPXQPQP +=++=++  

6) ;XQXPXQP ∪=+  

7) ;XQXPXQP ∩=+  

8) ., XPQXQPXPQXQP +=++=+  

Proof.  
If ∈= QPQP ,( R ), then (4) degenerates into 

}][|{ XxxXP P ⊆= ∪ , (5) degenerates into PX =  

~ (~ )P X { |[ ] }Px x X= ∩ ≠ ∅∪ . Obviously, they 
are the same as upper approximation and lower 
approximation of Pawlak rough sets [1], and hence 1)-8)  
hold. 

If ∈≠ QPQP ,( R ) we give their proving as follows. 

1a) Let ),(, UyxXQPyx ∈+∈ , then Xx P ⊆][  

and  Xy Q ⊆][ . But Pxx ][∈  and Qyy ][∈ , hence 

Xyx ∈, and XXQP ⊆+ .  

1b) Let Xyx ∈, , then Xxx P ∩∈ ][ and Xyy Q ∩∈ ][ , 

i.e., ∅≠∩ Xx P][  and ∅≠∩ Xy Q][ . Hence, 

XQPyx +∈, , and XQPX +⊆ .  

2a) From 1), we can know that  ∅⊆∅+ QP  and  

∅+⊆∅ QP  (because the empty set is included in  

every set), therefore ∅=∅+ QP . 

2b) Suppose P Q+ ∅≠∅. Then there exists x  such 

that x P Q∈ + ∅ . Hence ∅≠∅∩][x  , but ∅=∅∩][x  

, what contradicts the assumption. So, ∅=∅+ QP . 

2c) From 1), we can know that UUQP ⊆+ . And 

if Ux ∈ , then Ux ⊆][ . Hence UQPx +∈  and 

UQPU +⊆ , thus UUQP =+ . 

2d) From 1), we can get that UQPU +⊆ . And 

UUQP ⊆+  hold clearly. Thus, UUQP =+ . 

3) From (5), XQPXQP +=+ ~)(~ is obvious.  

And assume XX ~= , then ))(~(~~)(~ XQPXQP +=+  

XQP +=~ .  

4a) From 1), we know that ( )P Q P QX P QX+ + ⊆ + . 

If XQPx +∈ , then [ ] ,Px  [ ]Qx X⊆ , hence 

[ ]PP Q x+   P QX⊆ + and XQPxQP Q +⊆+ ][ . 

But [ ]PP Q x+ [ ]Px=  and QQ xxQP ][][ =+ , so 

[ ] ,Px [ ]Qx P QX⊆ +  and )( XQPQPx ++∈ . 

Hence, one have that P QX+ ( )P Q P QX= + + . 

Therefore, ( )P Q P QX+ + P QX= +  hold.  

4b) From 1), )( XQPQPXQP ++⊆+  hold. If 

( )x P Q P QX∈ + + , then ∅≠+∩ XQPx P][ , 

∅≠+∩ XQPx Q][ , i.e., there exist Pxy ][∈  and 

Qxz ][∈  such that XQPy +∈ and XQPz +∈ . 

Hence Xy P ⊆][ , Xz Q ⊆][ . But PP yx ][][ = , 

QQ zx ][][ = , thus Xx P ⊆][ , Xx Q ⊆][ , and 

XQPx +∈ . Hence, We have that ⊇+ XQP  

)( XQPQP ++ . Therefore, XQPXQPQP +=++ )(   
hold.  

5a) From 1), )( XQPQPXQP ++⊆+  hold. If 

)( XQPQPx ++∈ , then ∅≠+∩ XQPx P][  and 

∅≠+∩ XQPx Q][ . For some Pxy ][∈ , XQPy +∈ , 

and some Qxz ][∈ , XQPz +∈ , we have that 

∅≠∩ Xy P][  ,  ∅≠∩ Xz Q][ . But PP yx ][][ =  , 

QQ zx ][][ = , thus ∅≠∩ Xx P][ , ∅≠∩ Xx Q][  , 

that is to say, XQPx +∈ hold, which yields 

)( XQPQPXQP ++⊇+ . Therefore, we have that 

XQPXQPQP +=++ )( . 

5b) From 1), one know that XQPXQPQP +⊆++ )( . 

If XQPyx +∈, , then ∅≠∩Xx P][ , ∅≠∩Xy Q][ . 

Thus, XQPx P +⊆][ , XQPy Q +⊆][ (because if 

' [ ]Px x∈ , then ∅≠∩=∩ XxXx P][][ ' , i.e., 

'x P QX∈ + ). And )( XQPQPx ++∈  , we have 

that )( XQPXQPQP +⊇++ . Therefore, we get that 

XQPXQPQP +=++ )( . 



 

6) From (4), we can know easily that for Ux ∈∀ , if 
Xx P ⊆][ then XQPx +∈ , and if Xx Q ⊆][ then 

XQPx +∈ , that is, XQPXP +⊆  , XQPXQ +⊆ . 

And, if there exists Xy ∈ with ∪
Ux

PxXQPy
∈

−+∈ ][  

∅=−
∈
∪

Ux
Qx][ , then ∅=][y . Therefore, we have 

that  XQXPXQP ∪=+ . 

7) From (5) and 6), we can obtain that =+ XQP  
=∪=+ ))(~)(~(~)(~~ XQXPXQP

XQXPXQXP ∩=∪ )~(~~ . 
8) They are straightforward from Definition 1.  

This completes the proof.  
In order to discover the relationship the approximation 

of a single set and the approximation of two sets 
described by using two granulations, the following 
properties are given.  

Proposition 2. Let ( , )K U= R  be a knowledge base, 
UYX ⊆, , ∈QP, R , the following properties hold 

1) );()()( YQXQYPXPYXQP ∩∪∩=∩+  

2) );()()( YQXQYPXPYXQP ∪∩∪=∪+  

3) );()()( YQPXQPYXQP +∩+⊆∩+  

4) );()()( YQPXQPYXQP +∪+⊇∪+  

5) ;YQPXQPYX +⊆+⇒⊆  

6) ;YQPXQPYX +⊆+⇒⊆  

7) ;)( YQPXQPYXQP +∪+⊇∪+  

8) .)( YQPXQPYXQP +∩+⊆∩+  

Proof.  
If ∈= QPQP ,( )R , then (4) degenerates into 

}][|{ XxxXP P ⊆= ∪ , (5) degenerates into =XP  

}][|{)(~ ∅≠∩= XxxXP P∪～ . Obviously, they 
are the same as upper approximation and lower 
approximation of Pawlak rough sets [1], and hence 1)-8) 
hold. 

If ∈≠ QPQP ,( )R , we give their proving as 
follows. 

1) )()()( YXQYXPYXQP ∩∪∩=∩+  

                             ).()( YQXQYPXP ∩∪∩=  

2) )()()( YXQYXPYXQP ∪∩∪=∪+  

                           ).()( YQXQYPXP ∪∩∪=  
3) It follows from 1) that 

)()()( YQXQYPXPYXQP ∩∪∩=∩+  

))(( XQYPXP ∪∩= ))(( YQYPXP ∪∩∩  

))()(( XQYPXQXP ∪∩∪＝  

))()(( YQYPYQXP ∪∩∪∩  
YQPXQP +∩+＝  

))()(( XQYPYQXP ∪∩∪∩  
.YQPXQP +∩+⊆  

4) It follows from 2) that 

)()()( YQXQYPXPYXQP ∪∩∪=∪+  

))(())(( YQYPXPXQYPXP ∩∪∪∩∪=  

))()(( XQYPXQXP ∩∪∩=  

))()(( YQYPYQXP ∩∪∩∪  
YQPXQP +∪+=

))()(( XQYPYQXP ∩∪∩∪  
.YQPXQP +∪+⊇  

5) If YX ⊆ , then XYX =∩ . It follows from 3)  
that 

YQPXQPXQPYXQP +∩+⊆+=∩+ )(             

YQPXQPXQP +∩+=+⇒  

.YQPXQP +⊆+⇒  

6) If YX ⊆ , then YYX =∪ . It follows from 4) 
that 

 YQPXQPYQPYXQP +∪+⊇+=∪+ )(  

YQPXQPYQP +∪+=+⇒  

.YQPXQP +⊆+⇒  
7) It is clear that YXX ∪⊆ , YXY ∪⊆ . It 

follows that  
)( YXQPXQP ∪+⊆+ , 

)( YXQPYQP ∪+⊆+ .  

Hence )( YXQPYQPXQP ∪+⊆+∪+ ; 

8) It is clear that XYX ⊆∩ , YYX ⊆∩ . It 
follows that  

XQPYXQP +⊆∩+ )( , 

)( YQPYXQP +⊆∩+ . 



 

Hence )( YQPXQPYXQP +∩+⊆∩+ .  
This completes the proof.  
   Based on above conclusions, we here extend to 
classical rough set method to rough set model based on 
multi-granulations, where the set approximations are 
defined by using multi-equivalences on the universe.  

Definition 2. Let ( , )K U= R be a knowledge base, 

UX ⊆ , ∈mPPP ,,, 21 " R , we can define a lower 

approximation of X and a upper approximation of X  
related to mPPP ,,, 21 "  by the following 

},,][|{
1

miXxxXP
iP

m

i i ≤⊆=∑ =
∪          (6) 

and 

1 1
~ (~ )m m

i ii i
PX P X

= =
=∑ ∑ .              (7) 

   Directly from the definition of approximations we can 
get the following properties of the lower and the upper 
approximations.  

Proposition 3. Let ( , )K U= R be a knowledge base, 
UX ⊆  , the following properties hold 

1) ;
11

XPXP m

i i
m

i i ∪ ==
=∑  

2) ;
11

XPXP
m

i i
m

i i ∩ ==
=∑  

3) ;~)(~
11

XPXP m

i i
m

i i ∑∑ ==
=  

4) .~)(~
11

XPXP m

i i
m

i i ∑∑ ==
=  

Proof.  
1) It follows from (4) that for Ux ∈∀ , if Xx

iP ⊆][ ,  

∈iP( R),  then XPx m

i i∑ =
∈

1
, that is to say, 

XPXP m

i ii ∑ =
⊆

1
. And, if there exists Xy ∈ such 

that ∅=−∈
==∑

iP

m

i

m

i i xXPy ∪ 11
][ , then ∅=y . 

Thus, we have that XPXP m

i i
m

i i ∪ 11 ==
=∑ . 

2) From (7) and 1), we have that  

XPm

i i∑ =1
)(~~)(~~

11
XPXP

m

i i
m

i i ∪ ==
== ∑  

∪m

i i XP
1

)(~~
=

= XPm

i i∩ 1=
= .                                   

3) It is straightforward from (7).  
 
4) Let XX ~= in (7), we have that  

XPXP m

i i
m

i i ∑∑ ==
=

11
~)(~ .  

This completes the proof.  

Proposition 4. Let ( , )K U= R be a knowledge base, 

UXXX n ⊆,,, 21 " be n subsets on U ,  ,,, 21 "PP  
∈mP R  , the following properties hold 

1) ∪ ∩∩ m

i j
n

j i
n

j j
m

i i XPXP
1 111

)()(
= ===

=∑ ; 

2) ∩ ∪∪ m

i j
n

j i
n

j j
m

i i XPXP
1 111

)()(
= ===

=∑ ; 

3) ∩∩ n

j j
m

i i
n

j j
m

i i XPXP
1 111

)()(
= === ∑∑ ⊆ ;                              

4) ∪∪ n

j j
m

i i
n

j j
m

i i XPXP
1 111

)()(
= === ∑∑ ⊇ ; 

5) ∪∪ n

j j
m

i i
n

j j
m

i i XPXP
1 111

)()(
= === ∑∑ ⊇ ; 

6) ∩∩ n

j j
m

i i
n

j j
m

i i XPXP
1 111

)()(
= === ∑∑ ⊆ . 

Proof.  
Similar to proposition 2, we can prove the following 

properties. 

1) )()(
1111 ∩∪∩ n

j j
m

i i
n

j j
m

i i XPXP
====

=∑  

∪ ∩m

i j
n

j i XP
1 1

)(
= =

= . 

2) )()(
1111 ∪∩∪ n

j j
m

i i
n

j j
m

i i XPXP
====

=∑  

                                   ∩ ∪m

i j
n

j i XP
1 1

)(
= −

= . 

3) ∪ ∩∩ m

i j
n

j i
n

j j
m

i i XPXP
1 111

)()(
= ===

=∑  

                                   "∩ ∪ ∩=
= =

n

j j
m

i i XP
1 1

)(  

                                   "∩ ∩=
= =∑n

j j
m

i i XP
1 1

)(  

                                   .)(
1 1∩n

j j
m

i i XP
= =∑⊆  

4) ∩ ∪∪ m

i j
n

j i
n

j j
m

i i XPXP
1 111

)()(
= ===

=∑  

                                   "∪ ∩ ∪=
= =

n

j j
m

i i XP
1 1

)(  

                                   "∪ ∪=
= =∑n

j j
m

i i XP
1 1

)(  

11
( )n m

i jij
P X

==
⊇ ∑∪ . 

5) It follows from ∪n

j jj XX
1=

⊆∀ that  



 

1 1 1
( )

nm m
i j i ji i j

PX P X
= = =

⊆∑ ∑ ∪ .  

 Hence, we have that 

∪∪ n

j j
m

i i
n

j j
m

i i XPXP
1 111

)()(
= === ∑∑ ⊇ .  

6) It follows from }),,2,1{(
1

njXX j
n

j j "∩ ∈⊆
=

 

that  )(
111 ∩n

j j
m

i ij
m

i i XPXP
=== ∑∑ ⊇ . Hence, we have 

)(
11 ∩

n

j j
m

i i XP
==∑  ∩n

j j
m

i i XP
1 1

)(
= =∑⊆ .  

This completes the proof.  

Proposition 5. Let ( , )K U= R be a knowledge base, 

UXXX n ⊆,,, 21 " with nXXX ⊆⊆⊆ "21 be 

n  subsets on ∈mPPPU ,,,, 21 " R, the following 
properties hold 

1) n
m

i i
m

i i
m

i i XPXPXP ∑∑∑ ===
⊆⊆⊆

12111
" ; 

2) n
n

i i
m

i i
m

i i XPXPXP ∑∑∑ ===
⊆⊆⊆

12111
" . 

Proof.  
    Suppose nji ≤≤≤1  then ji XX ⊆ holds.  

1) Clearly, iji XXX =∩ . Hence, it follows from 3) 
in proposition 4 that 

))(
1111 j

m

i ii
m

i iji
m

i ii
m

i i XPXPXXPXP ∑∑∑∑ ====
∩⊆∩=

j
m

i ii
m

i ii
m

i i XPXPXP ∑∑∑ ===
∩=⇒

111
 

j
m

i ii
m

i i XPXP ∑∑ ==
⊆⇒

11
.  

Therefore, we have that 

n
m

i i
m

i i
m

i i XPXPXP ∑∑∑ ===
⊆⊆⊆

12111
" . 

2) Clearly, jji XXX =∪ . Hence, it follows from 
4) in proposition 4 that 

)(
1111 j

m

i ii
m

i iji
m

i ij
m

i i XPXPXXPXP ∑∑∑∑ ====
∪⊇∪=   

j
m

i ii
m

i ij
m

i i XPXPXP ∑∑∑ ===
∪=⇒

111

j
m

i ii
m

i i XPXP ∑∑ ==
⊆⇒

11
. 

Therefore, we have 

n
m

i i
m

i i
m

i i XPXPXP ∑∑∑ ===
⊆⊆

12111
" .  

This completes the proof.  
Uncertainty of a set (category) is due to the existence 

of a borderline region. The greater the borderline region 
of a set, the lower is the accuracy of the set. Similar to 

)(XRα , in order to express this idea more precisely we 
introduce the accuracy measure as follows. 

Definition 3. Let ( , )K U= R be a knowledge base, 

UX ⊆ , },,,{ 21 mPPPP "= , ∈∀ iP R )( mi ≤ , the 
approximation measure is defined by 

,)(
1

1

XP

XP
X

m

i i

m

i i

P

∑
∑

=

==α                        (8) 

where ∅≠X , X  denotes the cardinality of set X . 

Proposition 6. Let ( , )K U= R be a knowledge base, 

UX ⊆ , },,,{ 21 mPPPP "= , PP ⊆' a subset of 

P , ∈∀ iP R )( mi ≤ , then  

))(()( ' miXX
iPPP ≤≥≥ ααα . 

Proof.  
Considering that PP ⊆' is a subset of P , we follow 

from definition 2 that     

XPXP
PPPP i

m

i i
ii

∪∪ ',1 ∉∈=
⊇ , 

XPXP
PPPP i

m

i i
ii

∩∩ ',1 ∉∈=
⊆ .  

Then, it is clear that ||||
,1 ∪∪ PPPP i

m

i i
ii

XPXP
∉∈=

≥ ,  

||||
,1 ∩∩ PPPP i

m

i i
ii

XPXP
∉∈=

≤ .  

Hence, we have that 

XP

XP

XP

XP
X

m

i i

m

i i

m

i i

m

i i

P

∩
∪

1

1

1

1)(
=

=

=

= ==
∑
∑

α  

              
XP

XP

PPPP i

PPPP i

ii

ii

∩
∪

'

'

,

,

∉∈

∉∈≥  

       
XP

XP

PPPP i

PPPP i

ii

ii

∑
∑

∉∈

∉∈
=

'

'

,

,
 

       )(' XPα= .   

Similarly, we have ))(()(' miXX
iPP ≤≥ αα . 

Thus, inequality ))(()()( ' miXXX
iPPP ≤≥≥ ααα  

hold for arbitrary PP ⊆' and every PPi ∈ .  



 

This completes the proof.  
 Proposition 6 shows that approximation measure of 

set the concept enlarges as the number of granulations for 
describing the concept become increases.  

Example 2 Continue from example 1.  
Suppose },{ 21 RRP = . By computing, we have that 
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Obviously, it follows from above computation that,  
)()(

1
XX RP αα > ,  

)()(
2

XX RP αα > . 

    In particular, if 21 RR ≺ , then )()(
1

XX RP αα = holds.  
It can be understood by the following proposition.  

Proposition 7. Let ( , )K U= R be a knowledge base, 

UX ⊆ , },,,{ 21 mPPPP "=  with mPPP ≺"≺≺ 21 , 

∈∀ iP R )( mi ≤ , then 

XPXPm

i i 11
=∑ =

,                          (9) 

.11
XPXPm

i i =∑ =
                        (10) 

Proof.  
    Suppose mkj ≤≤≤1 , kj PP ≺ . From the definition 

of ≺ , we know that for every jP PUx
j

/][ ∈ , there 

exists kP PUx
k

/][ ∈  such that 
kj PP xx ][][ ⊆ . 

Therefore, we have that  

∪ }][|]{[ XxxXP
jj PPj ⊆=  

∪ }][|]{[ XxxXP
kk PPk ⊆=⊇ , 

i.e., 
                   XPXPXPXPP jkjkj =∪=+ .  

    Since mPPP ≺"≺≺ 21 , one have that 
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i i
m

i i 111
==

==∑ ∪ .  

Similarly, we also have that  

∪ }][|]{[ ∅≠∩= XxxXP
jj PPj  

∪ }][|]{[ ∅≠∩=⊆ XxxXP
kk PPk , 

i.e., 

                   XPXPXPXPP jkjkj =∩=+ . 
      Thus, we have that 

XPXPXP
m

i i
m

i i 111
==

==∑ ∩ .  

This completes the proof.  
 

6. CONCLUSIONS 
 

The main objective of this paper is an extension of 
classical rough set under static granulation, rough set 
model based on multi-granulations (MGRS), where the 
approximations of sets are defined by using multi-
equivalences on universe. These equivalences are chosen 
according to user requirement or target of solving 
problem. The method has some useful properties. In 
particular, some properties  of Pawlak rough set are 
special instances of MGRS, approximation measure of 
set described by using multi-granulations is always better 
than by using single granulation.  

Presented approach appears to be well suited for data 
mining applications where the acquisition of decision 
rules with high approximation measure, and further 
studying rough set theory. Further research is planned to 
evaluate the MGRS method in comparison to original 
Pawlak’s approaches, and to extend other rough set 
methods.  
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