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Telecommunications, Chongqing 400065, China 
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Abstract: After probability theory, fuzzy set theory and evidence theory, rough set 

theory is a new mathematical tool for dealing with vague, imprecise, inconsistent and 

uncertain knowledge. In recent years, the research and applications on rough set 

theory have attracted more and more researchers’ attention. And it is one of the hot 

issues in the artificial intelligence field. In this paper, the basic concepts, operations 

and characteristics on the rough set theory are introduced firstly, and then the 

extensions of rough set model, the situation of their applications, some application 

software and the key problems in applied research for the rough set theory are 

presented. 

Keywords: Rough sets; Fuzzy sets; Soft computing; Artificial intelligence; 

Approximation space; Extended models 

1 Introduction 

In the research of theory and application for information science, intelligent 

information processing is a hot issue. Because of the development of computer 

science and technology, especially the development of computer network, a large 

amount of information is provided for people every second of the day. With the 

growing amount of information, the requirement for information analysis tools is also 

becoming higher and higher, and people hope to automatically acquire the potential 

knowledge from the data. Especially in the past 30 years, knowledge discovery (rule 

extraction, data mining, machine learning, etc.) has attracted much attention in the 

field of artificial intelligence. Thus, various kinds of knowledge discovery methods 

came into being.  

Proposed by Professor Pawlak in 1982, the rough set theory is an important 

mathematical tool to deal with imprecise, inconsistent, incomplete information and 

knowledge [1]. Originated from the simple information model, the basic idea of the 
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rough set theory can be divided into two parts. The first part is to form concepts and 

rules through the classification of relational database. And the second part is to 

discovery knowledge through the classification of the equivalence relation and 

classification for the approximation of the target. As a theory of data analysis and 

processing, the rough set theory is a new mathematical tool to deal with uncertain 

information after probability theory, fuzzy set theory, and evidence theory. For the 

fuzzy set theory, membership function is a key factor. However, the selection of 

membership function is uncertain. Therefore, in a sense, the fuzzy set theory is an 

uncertain mathematical tool to solve the uncertain problems. In rough set theory, two 

precise boundary lines are established to describe the imprecise concepts. Therefore, 

in a sense, the rough set theory is a certain mathematical tool to solve the uncertain 

problems. 

Because of novel thinking, unique method and easy operation, the rough set 

theory has become an important information processing tool in the field of intelligent 

information processing [2-3]. And it has been widely used in machine learning, 

knowledge discovery, data mining, decision support and analysis, etc. In 1992, the 

first International Workshop on rough set theory was held in Poland. And the rough 

set theory was considered as a new research topic in computer science by then ACM 

in 1995. Currently, there are four international conferences on rough sets, i.e., RSCTC, 

RSFDGrC, RSKT, and IJCRS. At the same time, Chinese scholars have made a lot of 

achievements in this field. Since 2001, Chinese rough set and soft computing 

academic conference (CRSSC) has been held every year. In addition, a series of 

international academic conferences are held in China, such as RSFDGRC2003, IEEE 

GrC2005, RSKT2006, IFKT2008, RSKT2008, IEEE GrC2008, RSKT2010, etc. [4]. 

2 Basic concepts of rough sets  

One of the main research problems of the rough sets is the approximation of sets, 

and the other one is the algorithms of the analysis or reasoning for related data. Some 

basic concepts on rough set theory are reviewed as follows. 

Consider a simple knowledge representation scheme in which a finite set of 

objects is described by a finite set of attributes. Formally, it can be defined by an 

information system S expressed as the 4-tuple[1]. 

, , ,S U R V f= , R C D= U , 
where U  is a finite nonempty set of objects, R  is a finite nonempty set of 
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attributes, the subsets C  and D  are called condition attribute set and decision 

attribute set, respectively. a
a R

V V
∈

= U , where aV  is the set of values of attribute a , 

and card ( ) 1aV > , and :f R V→  is an information or a description function. 

Table1 An information table. 

Individual 

number 
Headache Myalgia Temperature Flu 

1x  yes yes normal no 

2x  yes yes high yes 

3x  yes yes very high yes 

4x  no yes normal no 

5x  no no high no 

6x  no yes very high yes 

In Table1, 1 2 6{ , , , }U x x x= L  is a finite nonempty set, also called a universe, 

and { , lg , , }R Headache Mya ia Temperature Flu=  is a finite nonempty set, also called 

an attribute set. 

Definition 1 (Indiscernible relation)[5] Given a subset of attribute set B R⊆ , 

an indiscernible relation ( )ind B  on the universe U  can be defined as follows, 
2( ) {( , ) ( , ) , ( ( ) ( ))}b Bind B x y x y U b x b y∈= ∈ ∀ =  

The equivalence relation is an indiscernible relation. And the equivalence class 

of an object x  is denoted by ( )[ ] ind Bx , or simply [ ] Bx  and [ ]x , if no confusion 

arises. The pair ( )( ,[ ] )ind BU x  is called an approximation space. 

Definition 2 (Upper and lower approximation sets)[5] Given an information 

system = , , ,S U R V f , for a subset X U⊆ , its lower and upper approximation sets 

are defined, respectively, by 

( ) { [ ] },apr X x U x X= ∈ ≠ ∅I  

( ) { [ ] }apr X x U x X= ∈ ⊆ , 

where [ ]x  denotes the equivalence class of x . 

The family of all equivalence classes is also known as the quotient set of U , and 

it is denoted by {[ ] }U R x x U= ∈ . The universe can be divided into three disjoint 

regions, namely, the positive, boundary and negative regions [6], 
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( ) ( )POS X apr X= , 

( ) ( ) ( )BND X apr X apr X= − , 

( ) ( )NEG X U apr X= − . 

If an object ( )x POS X∈ , then it belongs to target set X  certainly. 

If an object ( )x BND X∈ , then it doesn’t belong to target set X  certainly. 

If an object ( )x NEG X∈ , then it cannot be determined whether the object x   

belongs to target set X  or not. 

Definition 3 (Definable sets)[5] Given an information system = , , ,S U R V f , 

for any target subsetX U⊆ and attribute subsetB R⊆ , if and only if 

( ) ( )apr X apr X= , X  is called a definable set with respect to B . 

Definition 4 (Rough Sets)[5] Given an information system = , , ,S U R V f , for 
any target subset X U⊆  and attribute subset B R⊆ , if and only if 

( ) ( )apr X apr X≠ , X  is called a rough set with respect to B . 

A rough set and its three disjoint regions are shown as Fig.1.  

 
Fig.1 A rough set in rough approximation space. 

The uncertainty of a rough set is caused by its boundary region. The larger the 

boundary region is, the greater the degree of uncertainty will be. The uncertainty of a 

rough set can be measured by the roughness. 

Definition 5 (Roughness of rough set)[5] Given an information system 

= , , ,S U R V f , for any target subset X U⊆  and attribute subset B R⊆ , the 

roughness of set X  with respect to B  can be defined as follows, 
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( )
( ) 1

( )
B

apr X
P X

apr X
= − , 

where, X φ≠  ( If X φ= , then ( ) 0BP X = );   denotes the cardinality of a finite 

set. 

Proposed by professor Zadeh[7], soft computing (SC) is one of key intelligent 

system technologies in the future, and it has been researched and applied in solving 

various practical problems extensively. The guiding principle of soft computing is to 

allow the imprecise, uncertain or some real approximate solution to replace the exact 

solutions of an original problem. So, a solution with strong robustness and low cost 

can be established to coordinate with the real systems better [8]. 

3 Basic operations of rough sets[9] 

There are many operations on rough sets, such as, union, intersection, difference 

and complementary. And these operations are defined as follows,  

Union operation:    ( ) ( ) ( )apr X Y apr X apr Y∪ = ∪ , 

( ) ( ) ( )apr X Y apr X apr Y∪ ⊇ ∪ . 

Intersection operation:  ( ) ( ) ( )apr X Y apr X apr Y∩ = ∩ , 

( ) ( ) ( )apr X Y apr X apr Y∩ ⊆ ∩ . 

Difference operation:    ( ) ( ) ( )apr X Y apr X apr Y− = − , 

( ) ( ) ( )apr X Y apr X apr Y− ⊆ − . 

Complementary operation: ~ ( ) (~ )apr X apr X= , 

~ ( ) (~ )apr X apr X= , 

where ~ X  is an abbreviation for U X− . 

De Morgan’s laws have the following counterparts [1]: 

~ ( ( ) ( )) (~ ) (~ )apr X apr Y apr X apr Y∪ = ∩ , 

~ ( ( ) ( )) ( ) ( )apr X apr Y apr X apr Y∪ = ∩ , 

~ ( ( ) ( )) (~ ) (~ )apr X apr Y apr X apr Y∪ = ∩ , 

~ ( ( ) ( )) (~ ) (~ )apr X apr Y apr X apr Y∪ = ∩ , 

~ ( ( ) ( )) (~ ) (~ )apr X apr Y apr X apr Y∩ = ∪ , 
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~ ( ( ) ( )) (~ ) (~ )apr X apr Y apr X apr Y∩ = ∪ , 

~ ( ( ) ( )) (~ ) (~ )apr X apr Y apr X apr Y∩ = ∪ , 

~ ( ( ) ( )) (~ ) (~ )apr X apr Y apr X apr Y∩ = ∪ . 

If X Y⊆ , then ( ) ( )apr X apr Y⊆  and ( ) ( )apr X apr Y⊆ . 

In addition, it is obviously that following operations can be gotten, 

( ) ( )apr X X apr X⊆ ⊆ , 

( ) ( )apr apr∅ = ∅ = ∅ , 

( ) ( )apr U apr U U= = , 

( ( )) ( ( )) ( )apr apr X apr apr X apr X= = , 

( ( )) ( ( )) ( )apr apr X apr apr X apr X= = . 

As a typical soft computing method, rough set theory has been developed and 

applied rapidly since it was put forward. Some characteristics of the theory are shown 

as follows, 

(1)The mathematical structure of rough set is mature, and it doesn’t need any 

prior knowledge; 

(2)The rough set model is simple, and it is easy to be calculated; 

(3)Including imprecise, incomplete and fuzzy data, various types of data can be 

processed by rough set model; 

(4)By rough set model, minimum expression (the simplest reduction, the 

attribute core, etc.) of the knowledge can be obtained, and an approximate description 

for an uncertain concept can be described in different granularity levels; 

(5)The precise and simplified rules can be produced by rough sets, and they can 

be applied to intelligent controls. 

Based on the above characteristics, there are three distinctions between rough set 

theory and other uncertainty theories. Firstly, for the rough set theory, the priori 

information of data doesn’t need to be provided except the data. Secondly, the rough 

set theory is relatively objective to describe and deal with uncertainty. Finally, the 

rough set theory has strong complementary with probability theory, fuzzy 

mathematics, evidence theory and other uncertainty theories or methods. 

The classical rough set model can only process discrete data. However, in real 

life, many data are continuous. Thus, how to deal with real data by rough set model is 
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still a valuable research issue in the future. 

4 Several extensions of rough set model 

The extensions of rough set model are the important research direction of rough 

set theory. Combining the rough set theory with other theoretical methods or 

technologies, a large number of research results on extensions have emerged. Several 

typical extensions will be reviewed in this section. And the extended definition of the 

upper approximation set and the lower approximation set will be given firstly in this 

section, and then several extended models will be introduced.  

4.1 Probabilistic rough sets 

Based on the classical rough set theory, the lower approximation set requires that 

the equivalence class is a subset of the target set, for the upper approximation set, the 

equivalence class must have a non-empty overlap with the target set. Thus, the 

classical rough set theory does not allow any uncertainty, in other words, the main 

limitation of the classical rough sets is lack of error tolerance. In order to overcome 

this shortcoming, Wong and Ziarko[6,10]brought the probability approximation space 

into the rough set theory in 1987. 

Based on the notions of rough membership functions [11] and rough inclusion 

[12], approximation sets of probabilistic rough sets can be formulated. Both notions 

can be interpreted in terms of conditional probabilities or posteriori probabilities. 

Suppose Pr( [ ])X x  is the conditional probability of an object belonging to the target 

set X  given that the object belongs to[ ]x . This probability may be simply estimated  

as 
[ ]

Pr( [ ])
[ ]

X x
X x

x
=

I
, where   denotes the cardinality of a finite set [13-14]. In 

terms of conditional probability, the three disjoint regions of the classical rough sets 
can be equivalently defined by [10]. 

Pr( [ ]) 1 [ ]X x x X= ⇔ ⊆ , 

Pr( [ ]) 0 [ ]X x x X φ= ⇔ =I , 

0 Pr( [ ]) 1 [ ] ([ ] )X x x X x Xφ< < ⇔ ≠ ∧ ¬ ⊆I . 

The three disjoint regions of the classical rough sets can also be expressed as 

follows, 

( ) { Pr( [ ]) 1}POS X x U X x= ∈ = , 
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( ) { Pr( [ ]) 0}NEG X x U X x= ∈ = , 

( ) { 0 Pr( [ ]) 1}BND X x U X x= ∈ < < . 

According to the different probability approximation formulas and the different 

interpretations of the required parameters, the probabilistic rough set model has three 

typical extended models. The three probabilistic models have been proposed and 

studied intensively. They are the decision-theoretic rough set model [15-17], the 

variable precision rough set model [18-19], and the Bayesian rough set model [20-21]. 

The decision-theoretic rough set model and the variable precision rough set 

model are introduced in the next section. 

(1) Decision-theoretic rough set model 

Based on the classical rough set model, the decisions of acceptance and rejection 

are made without any error. However, the probabilistic rough set model allows the 

tolerance of inaccuracy in lower and upper approximation sets, or equivalently in the 

probabilistic positive, boundary and negative regions. 

The probability of two extreme values, namely 0 and 1, are used in three regions 

of the classical rough set model. Inspired by this, the decision-theoretic rough set 

model is proposed by Yao [17]. In this model, the values 0 and 1 mentioned ahead are 

replaced by a pair of probabilistic thresholds,α β . Considering two limiting 

conditions,0 1β α≤ < ≤ , 0 , 1α β≤ ≤ , three disjoint regions with two probabilistic 

thresholds are shown as follows, 

( , ) ( ) { Pr( [ ]) }POS X x U X xα β α= ∈ ≥ , 

( , ) ( ) { Pr( [ ]) }NEG X x U X xα β β= ∈ ≤ , 

( , ) ( ) { Pr( [ ]) }BND X x U X xα β β α= ∈ < < . 

Obviously, the unit interval [0,1]  of probability values are divided into three 

regions, namely, the acceptance region[ ,1]α , the rejection region[0, ]β , and the 

deferment region( , )α β . 

Let the two probabilistic thresholds be 1, =0α β= , the decision-theoretic rough 

set model just degrades to the classic rough set model. Therefore, from the formal 

perspective, positive, negative and boundary regions with two thresholds are the 

extensions compared to the theory of the classical rough sets. 

For the construction of a new model, the basic concepts, basic quantities and 

semantic interpretation of the model need to be explored and explained. 

There are at least three problems need to be solved for the probabilistic rough set 
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model shown as follows[22], 

(1)How to interpret and calculate the thresholds. 

(2)How to estimate the conditional probability Pr( [ ])X x . 

(3)How to interpret and apply positive, negative and boundary regions with 

probability thresholds. 

For the decision-theoretic rough set model, the solutions to the above three 

problems are shown as follows[23], 

(1)Based on the well-established Bayesian decision procedure, for defining the 

three disjoint regions, systematic methods for deriving the required probabilistic 

thresholds ,α β  on probabilities are provided by the decision-theoretic rough set 

model. 

(2)An easy method can be obtained to evaluate the conditional probabilities by 

the Naive Bayesian rough set model proposed by Yao and Zhou [24]. 

(3)The three-way decision theory can be considered as the application of the 

three regions of the model. 

The contribution of the decision-theoretic rough set model lies in that it not only 

gives the results of probability positive, negative and boundary regions, the more 

important is that a reasonable solution to solve the three problems mentioned ahead is 

given. Therefore, the decision-theoretic rough set model is a practical model with a 

solid theoretical foundation. 

(2) Variable precision rough set model 

The rough set theory has been widely used in dealing with data classification 

problems. However, the classical rough set model is quite sensitive to noisy data. To 

deal with noisy data and uncertain information, the variable precision rough set model 

was proposed by Ziarko [19] in 1993.  

In this model, based on degree of data noise, a probabilistic threshold β  was 

defined. And the value range of this probabilistic threshold is the interval[0,0.5). 

Considering the mentioned β , three disjoint regions are shown as follows, 

(1)β − positive region: ( ) { | Pr( | [ ]) 1 }POS X x U X xβ β= ∈ ≥ − ;  

(2)β − negative region: ( ) { | Pr( | [ ]) }NEG X x U X xβ β= ∈ ≤ ;  

(3)β − boundary region: ( ) { | Pr( | [ ]) 1 }BND X x U X xβ β β= ∈ < < − . 

Definition 6 The degree of correlation between the equivalence class [ ]x  and 

the target set X  is defined as follows, 
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| ( ) ( ) |
([ ], )

| |

POS X NEG X
K x X

U
β β

β

∪
= . 

([ ], )K x Xβ  denotes the proportion that the samples on universe U  divided into 

β − positive region and β − negative region roughly or definitely. 

4.2 Rough set model based on tolerance relation 

The equivalence relation in the classical rough set theory must satisfy reflexivity, 

symmetry and transitivity. If the transitivity can’t be satisfied in an equivalence 

relation, the equivalence relation will be replaced with the tolerance relation [25]. 

Research shows that based on the traditional indiscernibility relation, the rough set 

theory is unable to deal with incomplete information systems. Thus, the classical 

rough set theory model needs to be extended so that it can deal with the incomplete 

information system. In this section, the new extension based on tolerance relation is 

shown as follows. 

Let , , ,S U R V f=  be an information system, the null value will be denoted 

by ‘*’ for the missing property value in the attribute subset (B R⊆ ).  

Definition 7[5,25] The tolerance relationT  is defined as follows, 

, ( , ) ( ( ) ( ) ( ) * ( ) *)
jx y U c B j j j jT x y c x c y c x c y⊆ ∈∀ ⇔ ∀ = ∨ = ∨ = . 

Obviously, T is reflexive and symmetric, but not necessarily transitive. ( )BI x  

denotes the tolerance class of objectx . Based on the definition of tolerance class, the 

upper approximation set and the lower approximation set of the target set X  on 

attribute subset B R⊆  can be defined in the incomplete information system. 

Definition 8[5] Given an incomplete information system , , ,S U R V f= , the 

definitions of the upper approximation set (( )apr X ) and the lower approximation set 

( ( )apr X ) for the target set X  with respect to attribute subset B R⊆  are defined as 

follows, 

{ | (( }) )Bx U I Xpr X xa = ∈ ∩ ≠ ∅ , 

{ | (( )) }Bx U I x Xapr X = ∈ ⊆ . 

Obviously, ) ) |( (BIapr X x x X= ∪ ∈ . 
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4.3 Multi-granulation rough set model 

Nowadays, in the research of multi-granulation rough sets, there have been many 

achievements[26-29]. It has been widely used in various fields. In 2010, Qian [31] 

proposes multi-granulation rough set model (MGRS) to extend classical rough set 

model for the first time. The approximation sets of target setX can be discussed by 

two equivalence relations, firstly. 

Definition 9[31] Let ,R,V,S U f=< > be a complete information system, 

,P Q R⊆ be two subsets of the attributes, and X U⊆ . The lower and upper 

approximation sets of X on universeU are defined as follows, 

( ) { :[ ] [ ] }P Q P Qapr X x x X x X+ = ⊆ ∨ ⊆ , 

P+Q P+Q(X ) ~ ( ~ X )apr apr= . 

Then, the approximation sets of X can be defined by multi-equivalence 

relations on the universe. 

Definition 10[31] Let ,R,V,S U f=< > be a complete information system, 

1 2, , , mP P P R⊆L  be m  subsets of the attributes, andX U∀ ⊆ . The lower and upper 

approximation sets of X are defined as follows, 

1

( ) { : [ ] X, }m
i

ii

PP
apr X x x i m

=

= ∨ ⊆ ≤
∑

, 

1 1

( ) ~ (~ )m m
i ii i

P P
apr X apr X

= =

=
∑ ∑

. 

If the multi-granulation rough set model is constructed, compared with classical 
rough set model, the smaller lower approximation and bigger upper approximation 

sets will be obtained. From the view of decision-making, for
1

(X)
(X )m

ii
P

x apr
=

∀ ∈
∑

, an 

optimistic decision is made by an obtained rule. So this model is called the optimistic 
rough set model on multi-granulation rough set theory. In addition, the other model 
called the pessimistic multi-granulation rough set model is also defined by Qian[32]. 

Definition 11[33] Let ,R,V,S U f=< > be a complete information system, 

,P Q R⊆  be two subsets of the attributes, andX U∀ ⊆ . The pessimistic lower and 

upper approximation sets of X on U are defined as follows, 

( ) { :[ ] [ ] }P
P Q P Qapr X x x X x X+ = ⊆ ∧ ⊆ , 

( ) ~ (~ )P P
P Q P Qapr X apr X+ += . 

Definition 12[30,33] Let ,R,V,S U f=< >  be a complete information system, 
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1 2, , , mP P P R⊆L  be m  subsets of the attributes, and X U∀ ⊆ . The pessimistic 

lower and upper approximation sets of X are defined as follows, 

( ) { : [ ] X, }m
i

ii

P
PP

apr X x x i m
=

= ∧ ⊆ ≤
∑

, 

( ) ~ (~ )m m
i ii i

P P

P P
apr X apr X

= =

=
∑ ∑

. 

From the view of decision-making, a rule which is obtained by the lower 

approximation set of pessimistic rough sets will lead to a pessimistic decision. So this 

model is called the pessimistic rough set model on multi- granulation rough set. 

The difference between classical rough set model and MGRS is shown in Fig. 

2[32]. 

 

 

 

 

 

 

 

 

Fig.2 MGRS model. 

In Fig.2, the bias region is the lower approximation set of X obtained by a 

single granulation P QU , which is expressed by the equivalence classes in the 

quotient set (P )U QU . And the shadow region is the lower approximation set of X  

induced by two granulations P Q+ , which is characterized by the equivalence classes 

in the quotient set PU  and the quotient set U Q  together. 

4.4 Game-Theoretic rough set model [34-35] 

Defined by probabilistic rough set theory, the positive, negative and boundary 

regions are associated with three certain levels of uncertainty. In these regions, the 

uncertainty levels are determined by a pair of threshold values. A critical problem is 

the determination of optimal values of these thresholds. The problem may be 

investigated by considering a possible relationship between changes in probabilistic 

thresholds and their impacts on uncertainty levels of different regions. The 

game-theoretic rough set (GTRS) model is investigated in exploring such a 
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relationship. 

For analyzing and making intelligent decisions, when multiple conflicting 

criteria are involved, the GTRS model is applicable. The process of determining 

probabilistic thresholds with this model will be reviewed as follows.  

For calculating probabilistic thresholds with the context of probabilistic rough 

sets, the GTRS model provides a game-theoretic setting. For players in a game, in 

terms of changes to probabilistic thresholds, the model formulates strategies of 

players by realizing multiple criteria. Each player will configure the thresholds in 

order to maximize his benefits. When strategies are played together and considered as 

a strategy profile, the individual changes in thresholds are incorporated to obtain a 

threshold pair. This means that each strategy profile of the form 1 2( , ,..., )ns s s  is 

associated with a threshold pair( , )α β . 

The model requires that the game be formulated such that each player represents 

the region parameters α  orβ . The actions all players choose are summarized in 

Table 2. They either increase or decrease their actual probabilistic values by a small 

increment or decrement respectively. This will result in equivalence classes from the 

boundary region moving to either the positive region (decrease of α ) or negative 

region (increase of β ). 
Table 2 The strategy scenario for decreasing the boundary region (winner-take-all). 

Action(Strategy) Method Outcome 

1( )α α↓
 

Decrease α  by 1c  
 

2( )α α↓
 

Decrease α  by 2c  
Larger positive region 

3( )α α↓
 

Decrease α  by 3c  
 

1( )β β↑
 

Increase β  by 1c  
 

2( )β β↑
 

Increase β  by 2c  
Larger negative region 

3( )β β↑
 

Increase β  by 3c  
 

where, constants 1 2 3{ , , }c c c represent a percentage of increase/decrease in the 

probabilistic values ofα  and β . 

For the game between two individuals, the final outcome will always reach Nash 

equilibrium. Namely, none of the players can benefit by changing their respective 

strategies. Thus, through this model, the optimal thresholds of probability rough set 
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can be gotten. 

5 Theory and application on rough sets 

Based on rough set theory, application research mainly focuses on attribute 

reduction, rule acquisition, intelligent algorithm, etc. Attribute reduction as a NP-Hard 

problem has been carried out a systematic research. Based on rough set model, the 

development of reduction theory provides a lot of new methods for data mining. For 

example, in the different information systems (coordinated or uncoordinated, 

complete or incomplete), with information entropy theory, concept lattice and swarm 

intelligence algorithm, the rough set theory has gained the corresponding 

achievements. At present, the research is mainly concentrated on three aspects, such 

as theory, application and algorithm. 

(1) The theoretical research  

� Research on algebraic structure of rough sets with abstract algebra [36-39]. 

� Describing rough approximation space with topology [40-43]. 

� Combining rough set theory with other soft computing methods or artificial 

intelligence methods [5,44-48]. 

� Extending classical rough set model to generalized rough set model [49-51], 

namely, equivalence relations are extended to similar relations or general binary 

relations. 

� Rough set models based on data distribution [52-56], such as the probabilistic 

rough set model, the decision-theoretic rough set model, the cloud rough set model, 

etc. 

� Rough set models based on multi-granularity [32-33,56-63]. 

� Optimal approximation sets of a target concept [64-65]. 

(2) The application research 

(a) Application of the rough sets in fault diagnosis. 

� The medical diagnosis [47,66-68]. 

� Power system and other industry for fault diagnosis [69-72]. 

� Prediction and control [73-75]. 

� Pattern recognition and classification [76-77]. 

(b) Application of the rough sets in image processing. 

� Intelligent emotion recognition [78]. 

� Remote sensing image processing [79]. 
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� Image segmentation, enhancement and classification [80-81]. 

(c) Application of the rough sets in massive data processing. 

� Analyzing data of gene expression[82]. 

� Intrusion detection [83-84]. 

� Intelligence analysis [85]. 

(d) Application of the rough sets in intelligent control system. 

� Intelligent dispatching [86-87]. 

� E-mail filtering [88]. 

(3) The algorithm research 

(a) Heuristic algorithm on attribute reduction and rule extraction. 

� The study based on attribute significance [89]. 

� Incorporating the heuristic algorithm based on information metric 

[90-91]. 

� The integrating with parallel computing [92]. 

(b) Combining the rough sets with other computational intelligence algorithm. 

� Combining with neural network algorithm. It is used to preprocess data 

for improving the convergence speed of neural network [93]. 

� Combining with support vector machine (SVM) [94]. 

� Deriving the rough set models from the cloud models [80]. 

� Combining with genetic algorithm and Particle Swarm Optimization 

algorithm (PSO) [80,95]. 

6 The related software of rough set theory 

As the development of the rough sets, some software applied to data analysis are 

beginning to emerge. At present, some institutions and individuals have exploited 

pieces of useful software about the rough sets. For example, for knowledge discovery 

in database, Data Logic R is exploited by Reduct System Inc in Canada. The software 

is programmed by the C language, and it can be used in the field of science research, 

industry service, etc. LERS (learning from Examp on Rough Sets) is exploited by the 

University of Texas in the United Stated. And it can extract rules from a large number 

of complex data. LERS has been adopted by NASA's Johnson Space Center as a 

development tool for expert system. And it also has been adopted by a project funded 

by United States Environmental Protection Agency. Rough DAS system is exploited 

at Poznan University of Technology. RIDAS system is exploited by Wang, etc. who 
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are from Chongqing University of Posts and Telecommunications [96]. In addition, 

ICE (Info bright Community Edition) is exploited by Dominik, etc. The development 

of above software promotes development and application of the rough set theory. 

7 Academic activities on the rough sets 

In the last thirty years, the development of rough set theory has gotten a good 

result whether in the theoretical research or applied research. In recent years, an 

increasing number of academic activities on rough sets have been held. At home and 

abroad, a range of academic conferences promote the development of rough set theory. 

With academic and applied value, a number of papers are published. It makes 

academic communication convenient, and also promotes the development and 

application of the rough sets. A list of the representative academic activities is shown 

as follows,  

� In 1992, the first International Workshop on rough set theory was held in 

Poland. In 1993, there were 15 papers published in Foundation of computing and 

decision science;  

� In 1993-1994, the second and the third International Workshop on rough set 

theory was held in Canada and America, respectively; 

� In 1995, Rough Sets was published in ACM Communications by Pawlak, etc. 

It greatly expanded the international influence of the theory; 

� In 1996-1999, in Japan and the United States, the 4th to 7th International 

Workshop on rough set theory was held, respectively. 

� Since 1998, RSCTC has been held every even-numbered year, RSFGrC has 

been held every odd-numbered year; 

� Since 2005, IEEE GrC has been held every year. 

� Since 2006, RSKT has been held every year. 

� In 2007, the first session of IJCRS was held, and it was re-established in 

2012.Then since 2012, it has been held every year. 

 In China, the rough set theory has been developed rapidly, and academic 

activities are also very active. 

� In 2003, CRSSC was established. 

� Since 2001, CRSSC has been held every year. 

� Since 2007, CGrC and CWI have been held every year. 
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8 Outlook of rough set theory and its application 

At present, research for rough sets has achieved fruitful results, but rough set 

theory is still a valuable research problem. As the founder of the rough set theory, 

Pawlak, interpreted that: some problems for rough set theory need to be solved, such 

as rough logic, rough analysis, etc.  

Rough set theory is confronted with some new problems in the process of its 

development. For example, the generalization ability of rough sets needs to be 

improved, and the probability distribution of sample data needs to be further 

considered. To sum up, the main problems that need to be further concerned in the 

future are shown as follows,  

(1)Extensions of equivalence relation. The strict equivalence relation should be 

replaced with the general binary relations, such as order relation, tolerance relation, 

and similarity relation.  

(2)Improve the generalization ability of rough sets. Based on the data 

information system, the existing rough set theory does not consider the problem about 

probability distribution of the data samples. Moreover, in the process of training 

sample sets, attribute reduction would lead to over-fitting problem. 

(3)Research on rough logic. Based on the rough set theory, the rough logic and 

its deduction theory system can be established. And combining with probability logic, 

random truth degree of rough logic can be studied in the future.  

(4)Granular computing based on rough set theory. Several extended models need 

to be further studied, such as multi-granulation rough set model, variable 

multi-granularity rough set model, dynamic rough set model, etc.  

(5)Research on random rough sets models. Rough set theory describes vagueness 

(uncertainty) in decision information systems, but the problem is still lack of research. 

Combining rough sets with cloud model may be an effective way to solve this 

problem.  

(6)3DM [97] (Data-driven Data Mining Domain-oriented). ○1 Encoding prior 

domain knowledge, user’s interest and constraint for a specific task and user’s control. 

○2Designing an incremental method that could take data, prior domain knowledge, 

user’s interest, user’s constraint, user’s control together as its input. ○3Applying our 

incremental mining method to real-world data mining task, such as instance financial 

data mining in capital markets.  
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(7)Research on the fusion of rough sets and various soft computing methods. For 

example, the combination of rough sets and neural network accelerates the 

convergence speed of neural network. In order to deal with large data sets 

conveniently, combining rough sets and genetic algorithm forms a hybrid intelligent 

system. 

(8)The interaction among attributes. The interaction among redundant attributes 

may have a profound effect on the expression and resolution of problems. 

(9)Rough sets and three-way decisions[98]. To fully understand and appreciate 

the value and power of three-way decisions, we may look into fields where the ideas 

of three-way decisions have been used either explicitly or implicitly. In one direction, 

one can adopt ideas from these fields to three-way decisions. In the other direction, 

we can apply new results of three-way decisions to these fields. We can cast a study of 

three-way decisions in a wider context and extend applications of three-way decisions 

across many fields. In the next few years, we may investigate three-way decisions in 

relation to interval sets [99], three-way approximations of fuzzy sets [7,100], 

shadowed sets [101], orthopairs [102-104], squares of oppositions [105-107], granular 

computing [108-109], multilevel decision-making [110], etc.  

9 Conclusions 

The rough set theory has been researched for more than thirty years. And it has 

made many achievements in many fields, such as machine learning, knowledge 

acquisition, decision analysis, knowledge discovery in database, expert system, 

decision support system, inductive inference, conflict resolution, pattern recognition, 

fuzzy control, medical diagnostics applications and so on. And for research on 

granular computing, it has become one of the main models and tools. The application 

prospect of rough set theory is very broad. The rough sets not only can be used to deal 

with new uncertain information systems, but also can optimize many existing soft 

computing methods. For the rough set theory, in the process of data mining, there are 

still a large number of problems need to be discussed, such as large data sets, efficient 

reduction algorithm, parallel computing, hybrid algorithm, etc. 
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