Abstract

Fuzzy sets and rough sets are known as uncertainty models. They are proposed to treat different
aspects of uncertainty. Therefore, it is natural to combine them to build more powerful mathematical
tools for treating problems under uncertainty. In this chapter, we describe the state of the art in the
combinations of fuzzy and rough sets dividing into three parts.

In the first part, we first describe two kinds of models of fuzzy rough sets: one is classification-oriented
model and the other is approximation-oriented model. We describe the fundamental properties and show
the relations of those models. Moreover, because those models use logical connectives such as conjunction
and implication functions, the selection of logical connectives can sometimes be a question. Then we
propose a logical connective-free model of fuzzy rough sets.

In the second part, we develop a generalized fuzzy rough set model. We first introduce general types of
belief structures and their induced dual pairs of belief and plausibility functions in the fuzzy environment.
We then build relationships between belief and plausibility functions in the Dempster-Shafer theory of
evidence and the lower and upper approximations in rough set theory in various situations. We also
provide the potential applications of the main results to intelligent information systems.

In the third part, we give an overview of the practical applications of fuzzy rough sets. The main focus
will be on the machine learning domain. In particular, we review fuzzy-rough approaches for attribute
selection, instance selection, classification and prediction.
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1 Introduction

Rough set approaches [1, 2] have been successfully applied to various fields related to data analysis, knowl-
edge discovery, decision analysis and so on. In order to expand the application area and to develop its theory
further, rough sets have been generalized under various settings. There are two different generalizations.
One relaxed the precision so that the sizes of lower and upper approximations are controlled by a precision
parameter. This generalized rough set is called a variable precision rough set. The other generalizes the ap-
proximation space, i.e., the structure of background knowledge. Many researchers generalized an equivalence
relation which is often referred to as an indiscernibility relation to a general binary relation or a family. The
other many researchers [3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 23] generalized an
equivalence relation to a fuzzy binary relation or a family of fuzzy sets.

In this chapter, we describe the generalizations of rough sets in the latter sense. More precisely, we
concentrate on the fuzzy generalizations of rough set approaches called fuzzy rough hybridizations. Fuzzy
rough sets were originally proposed by Nakamura [3] and by Dubois and Prade [4, 5]. The fundamental
properties of fuzzy rough sets have been investigated by Dubois and Prade [4, 5] and Radzikowska and
Kerre [9]. In those studies, an equivalence relation of approximation space in the original rough sets is
generalized to a fuzzy equivalence relation. Greco et al. [7] proposed fuzzy rough sets under a fuzzy dominance
relation. Those fuzzy rough sets are based on possibility and necessity measures directly. Moreover, this
type of fuzzy rough sets is defined under more generalized settings [11, 15] and different types of fuzzy rough
sets were proposed based on certainty qualifications by Inuiguchi and Tanino [10, 12] and based on modifier
functions by Greco et al. [24, 25]. The rough fuzzy set model can be used to deal with attribute reduction in
information systems with fuzzy decision while the fuzzy rough set model can be employed in reasoning and
knowledge acquisition with decision tables with real valued conditional attributes or quantitative data (see,
for example, [39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 49)).

In the first part of this paper, we introduce three models of fuzzy rough sets. Those fuzzy sets are
classified into two groups, i.e., classification-oriented fuzzy rough set models and approximation-oriented
fuzzy rough set models proposed by Inuiguchi [26] originally in the crisp settings. In the classification-
oriented models, we are interested in a set to which objects belong. We evaluate each object whether its
membership to a set X is consistent with all information we have at hand or not. The positive region of
X is defined by collecting all objects whose memberships to X are consistent with whole information. The
possible region of X is defined by collecting all objects whose memberships to X are conceivable from some



part of information but not consistent with all information. Then the fuzzy rough set of X is defined by a
pair of the positive and possible regions of X. On the contrary, in approximation-oriented models, we are
interested in the approximations of a set by using elementary sets of a family. We approximate a set X by
unions of the elementary sets and by intersections of the complementary sets of the elementary sets. The
lower and upper approximations are defined by the inner and outer approximations of X, respectively. A
rough set of X is defined by a pair of the lower and upper approximations. We describe that one of the
three models belongs to the group of classification-oriented models and the remaining two models belong to
the group of approximation-oriented models.

Another important method used to deal with uncertainty in intelligent systems is the Dempster-Shafer
theory of evidence [27]. Shafer’s belief and plausibility functions are constructed under the assumption that
the focal elements in the belief structure are all crisp. In some situations, it seems to be quite natural that
the evidence mass may be assigned to a fuzzy subset of the universe of discourse. In fact, combining the
Dempster-Shafer theory and fuzzy set theory has been suggested to be a way to deal with different kinds of
uncertain information in intelligent systems in a number of studies. It is demonstrated that the lower and
upper approximation operators in rough set theory have strong relationship with the belief and plausibility
functions in the Dempster-Shafer theory of evidence [21, 23, 28, 29, 30, 31, 32, 33]. The Dempster-Shafer
theory of evidence may be used to analyze knowledge acquisition in information systems (see, for example,
[34, 35, 36, 37, 38]).

In the second part of this chapter, we will explore the relationships between belief and plausibility
functions in the Dempster-Shafer theory of evidence and the lower and upper approximations in rough set
theory with their potential applications to intelligent information systems.

Both fuzzy set and rough set theories have fostered broad research communities and have been applied
in a wide range of settings. More recently, this has extended also to the hybrid fuzzy rough set models.
The third part of this chapter tries to give a sample of those applications, which are in particular numerous
for machine learning but which also cover many other fields, like image processing, decision making and
information retrieval.

Note that we do not consider applications that simply involve a joint application of fuzzy sets and
rough sets, like for instance a rough classifier that induces fuzzy rules. Rather, we focus on applications that
specifically involve one of the fuzzy rough set models discussed in the previous sections.

This chapter is organized as follows. In the next section, three models of fuzzy rough sets are explained
dividing into two groups. In Section 3, we introduce generalized fuzzy belief structures with application in
fuzzy information systems. In Section 4, we give an overview of the practical applications of fuzzy rough
sets focusing on the machine learning domain.

2 Classification- versus Approximation-oriented Fuzzy Rough Set
Models

2.1 Two views of the classical rough set model

In this section, we review three kinds of fuzzy rough sets from classification-oriented and approximation-
oriented points of view. Focusing on the membership of an object to a set X under the indiscernibility
relation, the classical rough set defined by a pair of lower and upper approximations of a set X can be seen
as a classifier of objects into three disjoint regions: positive, negative and boundary regions of a set X.
Namely, the lower approximation defines the positive region, the complement of the upper approximation
defines the negative region and the difference between upper and lower approximations defines the boundary
region. On the other hand, focusing on the approximations of X by means of elementary sets of the partition,
the rough set of X defines the inner and outer approximations of X. Namely, the lower approximation defines
the inner approximation and the upper approximation defines the outer approximation. Those two different
views of rough sets give the different definitions of rough sets in the generalized settings (see Inuiguchi [50]).
In this section, we describe fuzzy rough sets in a generalized setting from those points of view and show the
fundamental properties, differences and similarities.

Throughout this chapter, U will be a nonempty set called the universe of discourse. The class of
all subsets (respectively, fuzzy subsets) of U will be denoted by P(U) (respectively, by F(U)). For any



A € F(U), the complement of A will be denoted by ~ A, i.e. (~ A)(z) =1— A(x) for all z € U.

2.2 Classification-oriented fuzzy rough sets
2.2.1 Definitions in crisp setting

In this subsection, we define fuzzy rough sets under the interpretation of rough sets as classification of objects
into positive, negative and boundary regions of a set and describe their properties. As the introduction, we
first describe the definitions of positive and possible regions of a set in the crisp setting. Let U be a set of
all objects. Assume that we do not know objects which fit with a particular concept C but we have pieces of
information that tell some objects fit with C and that the other objects do not fit. Let X C U be the set of
objects which are supposed to fit with C in the information and U — X the set of objects which are supposed
not to fit with C in the information. On the other hand, there is knowledge about C expressed by a binary
relation P C U x U. Under the binary relation P, we presume ‘y fits with C’ from facts (y,z) € P and ‘zx
fits with C’.

Under this circumstance, we investigate credible members of X and plausible members of X. Objects
whose membership to X is consistent with the knowledge can be understood as credible members of X, while
objects whose membership to X is presumable from the information and the knowledge can be understood
as plausible members. For convenience, we define P(z) = {y € U | (y,x) € P} which is the set of objects
whose membership to X is presumed from the fact x € X. Therefore, if x € X satisfies Vy € P(z), y € X
or simply, P(xz) C X, x can be considered a credible member of X. Thus, the set of credible members of X
is defined by

P(X)={zeX|Plz)CX}=Xn{zeU|P(x)CX} (1)

On the other hand, we may presume z € X if z € X or 3y € X, = € P(y) under the information and the
knowledge. Then the set of plausible members of X can be defined by

P(X)=XU{zeU|3yeX, ze Py) #0}. (2)

P,(X) is called the positive region of X and P*(X) is called the possible region of X. Moreover, we do not
assume the reflexivity of P, i.e., Vo € U, (z,x) € P. This is why we take the intersection with X in the
definition of P,(X) and the union with X in the definition of P*(X). Those intersection and union can be
dropped when P is reflexive.

When there is knowledge about C expressed by a binary relation @ C U x U instead of P. Under the
binary relation @, we presume ‘y does not fit with C’ from facts (y,z) € @ and ‘z does not fit with C’. In
this case, we directly obtain positive and possible regions of U — X respectively by

QU -X)={reU-X|Qx)CU-X}
=U-X)N{zelU|Qx) CU - X}, 3)
QU-X)=U-X)U{zeU|IyelU-X, zcQy)#0}. (4)

Because an object which is not a member of Q.(U — X) can be seen as a plausible member of X and an
object which is not a member of @*(U — X) can be seen as a credible member of X, we may define positive
and possible regions of X by

Q:X)=U-Q"(U-X), Q(X)=U-Q.U-X). ()

Inuiguchi [50] investigated the properties of those positive and possible regions.

2.2.2 Definitions in fuzzy setting and their properties

We now extend those definitions of positive and possible regions into the fuzzy setting. First, we assume a
fuzzy set X C U and a fuzzy binary relation P € F(U x U) are given. Their membership functions px ()
and pp(y,x) shows the membership degree of z € U to a fuzzy set X and the degree to what extent we
presume that y is a member of X from the fact = is a member of a fuzzy set X, where px : U — [0,1] and
pp U x U —[0,1]. We define P(x) by its membership function pp(,)(y) = pp(y, ).



To define the positive region under this circumstance, we should consider the consistency degree of the
information that x is a member of X to membership degree px(x) with the knowledge P. This can be
measured by the truth value of statement ‘y € P(x) implies y € X’ under fuzzy sets P(z) and X. The truth
value of this statement can be defined by a necessity measure inf,cy I(pp(q)(y), px (y)) with an implication
function I : [0, 1] x [0,1] — [0, 1] such that I(0,0) = I(0,1) =1(1,1) =1, I(1,0) =0, I(-,a) is decreasing for
any a € [0,1] and I(a, -) is increasing for any a € [0, 1]. Therefore, in the analogy to Eq. (1), the membership
function of the positive region P,(X) of X can be defined by

e o) = i (2, nf ) (0o ()

- (Mxm, inf 1(up(y,2), my») , (6)

where we note the intersection C' N D of two fuzzy sets C, D € F(U) is normally defined by pcnp(z) =
min(uc(x), up(x)), Yo € U. puenp, pe and pp are membership functions of C N D, C and D, respectively.
However some researchers use t-norms [51] instead of the min operation. A t-norm ¢ is a conjunction function
t:10,1] x [0,1] — [0,1] such that (t1) Ya € [0,1], ¢(a,1) = t(1,a) = a (boundary condition), (t2) Va,b €
[0,1], t(a,b) = t(b,a) (commutativity) and (t3) Va,b,c € [0,1], t(a,t(b,c)) = t(t(a,b),c) (associativity).

Now let us define the possible region when X and P are a fuzzy set and a fuzzy binary relation,
respectively. To do this, we should define the truth value of statement ‘there exists y € X such that z € P(y)’
under fuzzy sets X and P(z). The truth value of this statement can be obtained by a possibility measure
sup,e T(p(y)(2), px(y)) with a conjunction function T : [0,1] x [0,1] — [0,1] such that T'(1,1) = 1,
7(0,0) =T(0,1) = T(1,0) = 0 and T is increasing in both arguments. Therefore, in the analogy to Eq. (2),
the membership function of the possible region P*(X) of X can be defined by

3 (&) = max (ux<x>, Sup T(1p o), ux<y>>)

~ max (mm, sup T(up(z.9), my))) , (7)
yeU

where we note the union CUD of two fuzzy sets C, D C U is normally defined by pcup(z) = max(puc(x), pp(x)),
Ve € U. pcup is a membership functions of C'U D. However some researchers use t-conorms [51] in-
stead of the max operation. A t-conorm s is a function s : [0,1] x [0,1] — [0,1] such that (sl1) Va
[0,1], t(a,0) = t(0,a) = a (boundary condition), (s2) Va,b € [0,1], s(a,b) = s(b,a) (commutativity), (s
Va,b,c € [0,1], s(a,s(b,c)) = s(s(a,b),c) (associativity), and (s4) Va,b,c,d such that a > ¢ and b >
s(a,b) > s(c¢,d) (monotonicity).

Note that we do not assume the reflexivity of P, i.e., up(z,z) = 1, Vo € U, so that we take
the minimum between px and infyey I(pp(w)(y), ux(y)) in Eq. (6) and the maximum between px and
sup e T(p(y) (), px(y)) in Eq. (7). When P is reflexive, I(1,a) < a, and T'(1,a) > a for all a € [0, 1], we
have

€
3)
d

b

MP*(X)(x) = yllellf] I(/’(’P(Z)(y)7 px(y)), IJ'P*(X)(-T) = EggT(MP(y)(UU)a px(y))- (8)
Those definitions of lower and upper approximations have been proposed by Dubois and Prade [4, 5] and
Radzikowska and Kerre [9]. They assumed the reflexivity of P and I(1,a) = T(1,a) = a, for all a € [0, 1].
Moreover, the definitions in Eq. (8) are used even when P is not reflexive and neither I nor T satisfy the
boundary conditions I(1,a) = T(1,a) = a, for all a € [0,1] (see [?, 15]). In such generalized situation, we
may loose the inclusiveness of P, (X) in X and that of X in P*(X) for P,(X) and P*(X) defined by Eq. (8).
The definitions of P,(X) and P*(X) by Eqgs. (6) and (7) obtained from the interpretations of positive and
possible regions of X satisfy the inclusiveness of P,(X) in X and that of X in P*(X) even in the generalized
situation.

Using the positive region P,(X) and the possible region P*(X), we can define a fuzzy rough set of X as
a pair (Py(X), P*(X)). We can call such fuzzy rough sets as classification-oriented fuzzy rough sets under
a positively extensive relation P of X (for short CP-fuzzy rough sets). Note that the relation P depends on
the meaning of a set X. Thus, we cannot always define the CP-rough set of U — X by the same relation P.



To define a CP-rough set of U — X, we should introduce another fuzzy relation @ € F(U x U) such that
1o (y) = pq(y, ) represents the degree to what extent we presume an object y as a member of U — X
from the fact = is a member of U — X, where pg : U xU — [0, 1] is a membership function of a fuzzy relation
Q. In the same way, we define positive and possible regions of U — X under the fuzzy relation @ by the
following membership functions:

. w-20e) = min (e o). 3 (- 2).mex () ). )
1o+ (U—x)(x) = max (n(ux (2)), sup T(up(z,y), n(ux(y)))) ; (10)

where U — X is defined by a membership function n(ux(+)) and n : [0,1] — [0, 1] is a strong negation which
is a decreasing function such that n(n(a)) = a, for all a € [0,1] (involutive). The involution implies the
continuity of n.

Using Q.(X) and Q*(X), in analogy to Eq. (5), we can define positive region Q.(X) and possible
region Q*(X) of X by the following membership functions,

. (2) = min e o), nf (Tl ). () ). )
1o (x) () = maX(ux( )s - Sup n(I(uQ(yw),n(ux(y))))) (12)

We can define a fuzzy rough set of X as a pair (Q.(X),Q*(X)) with the positive region Q.(X) and
the possible region Q*(X). We can call this type of rough sets as classification-oriented rough sets under a
negatively extensive relation @ of X (for short CN-fuzzy rough sets).

Let us discuss the properties of CP- and CN-fuzzy rough sets. By definition, we have

P.(X)C X CP'(X), Q.(X)CXCQ(X), (13)

P.(0) = P*(0) = Q.(0) = Q*(0) =0, (14)

P.(U)=P*(U) = Q.(U)=Q"(U) =1, (15)
P.(XNY)=P(X)NnP.(Y), P(XUY)=P(X)UPY), (16)
Q:(XNY)=Q.(X)NQ.(Y), Q"(XUY)=Q (X)uQ"(Y), (17)
X CY implies P.(X) C P.(Y), X CY implies P*(X) C P*(Y), (18)
X CY implies Q.(X) C Q.(Y), X CY implies Q*(X) C Q*(Y), (19)
P (XUY)D (X)UP(Y), P (XNY)C P (X)NPY), (20)
Q:(XUY)2Q.(X)UQ.(Y), Q"(XNY)CQ (X)NQ"(Y), (21)

where the inclusion relation between two fuzzy sets A and B is defined by pa(x) < pp(z), for all x € U.
The properties satisfied under some conditions are listed as follows (see Inuiguchi [26]):

(1) When I(a,b) = n(T(a,n(b))), for all a,b € [0,1] and @ is the converse of P, i.e., uo(z,y) = pp(y, ),
for all x,y € U, we have

P(X)=U-Q"(U-X)=Qu.X), (22)
PH(X) =U = Q.U - X) = Q"(X). (23)

(2) When T(a,I(a,b)) < b holds for all a,b € [0, 1], we have
X 3 PY(P.(X)) 2 P.(X) 2 P(P(X)), (24)
X CO.(Q(X)) CQ'(X) CQUQ"(X)). (25)

(3) When I(a,T(a,b)) > b holds for all a,b € [0, 1], we have
X C P(P*(X)) C P*(X) C P*(P*(X)), (26)
X 2 QM(Q+(X)) 2 Q«(X) 2 Qu(Q:(X)). (27)

(=]



(4) Let P and @ be T'-transitive. The following assertions are valid.

(a) When I is upper semi-continuous and satisfies I(a, I(b,c)) = I(T'(b,a), c) for all a,b, c € [0, 1], we
have

P (P.(X)) = P(X), Q(Q"(X))=Q"(X). (28)

(b) When T = T” is lower semi-continuous and satisfies T'(a,T'(b,c)) = T(T'(a, b),c) for all a,b,c €
[0,1] (associativity), we have

P*(P*(X)) = P*(X), Q:(Q«(X))=Q.(X). (29)
(5) When P and @ are reflexive and T-transitive, the following assertions are valid:

(a) If I(a,-) is upper semi-continuous, I(1,a) < a, and T = £[I] is associative, then we have
P*(P.(X)) = P(X), Q«(Q"(X))=Q"(X). (30)

(b) If I(a,b) = n(£[I)(a, n(b))) and the conditions of (a) are satisfied, then we have
P.(P*(X)) = P*(X), Q"(Q«(X))=Q.(X). (31)

Here a fuzzy relation P is said to be T’-transitive, if and only if P satisfies up(z,2) > T (up(z,y), up(y, 2))
for all x,y, z € U and for a conjunction function 7”. We can generate a function ¢[I] : [0,1] x [0,1] — [0, 1] by
&[I](a,b) = inf{s € [0,1] | I(a,s) > b} when a function I : [0,1] x [0, 1] — [0,1] is given. {[I] is a conjunction
function when I satisfies I(1,a) < 1 for all a € [0,1).

Concerning to the assumption of (1), it is known that a function I’ defined by I'(a, b) = n(T'(a,n(b))) is
an implication function and that a function 7" defined by 7"(a,b) = n(I(a,n(b))) is a conjunction function
(see, for example, Inuiguchi and Sakawa [51, 52]). The assumption of (2) corresponds to modus ponens, i.e., A
and (A — B) implies B. Therefore, it is a natural assumption. However, this cannot hold for any implication
and conjunction functions. For example, consider functions T'(a,b) = min(a,b) and I(a,b) = max(1l — a,b)
which are often used in possibility theory. T'(a,I(a,b)) < b does not always hold. On the other hand,
the assumption holds for any T and I such that T'(a,b) < min(a,b) for all a,b € [0,1] and I(a,b) < b for
all a,b € [0,1] satisfying @ > b. Thus, a t-norm T and a residual implication I of a t-norm satisfies the
assumption, i.e., I is defined by I(a,b) = sup{s € [0,1] | t(a,s) < b}, for a,b € [0,1]. The assumption of
(3) is dual with that of (2). Namely, for any implication function I, there exists a conjunction function 7"
such that I(a,b) = n(T'(a,n(b))), and for any conjunction function 7', there exists an implication function
I' such that T(a,b) = n(I'(a,n(b))). Using 7" and I’, the assumption I(a,T(a,b)) > b is equivalent to
T’'(a,I'(a,b)) < b which is the same as the assumption of (2).

The assumption of (3) is satisfied with I and T such that I(a,b) > max(n(a),b) for all a,b € [0,1]
and T'(a,b) > b for all a,b € [0,1] satisfying a > n(b). The assumption of (4)-(a) is satisfied with residual
implication functions of lower semi-continuous t-norms 7" and S-implication functions with respect to lower
semi-continuous t-norms 7”, where an S-implication function I with respect to t-norm T’ is defined by
I(a,b) = n(T'(a,n(b))), a,b € [0,1] with a strong negation n. The assumption of (4)-(b) is satisfied with
lower semi-continuous t-norms 7. These assumptions are satisfied with a lot of famous implication and
conjunction functions.

2.3 Approximation-oriented fuzzy rough sets
2.3.1 Definitions in crisp setting

In this subsection, we define fuzzy rough sets under the interpretation of rough sets as approximation of sets
and describe their properties. We first describe the definitions of lower and upper approximations in the crisp
setting. We assume a family of subsets in U, F = {F; | i = 1,2,...,p} is given. Each elementary set F} is a
meaningful set of objects such as a set of objects satisfying some properties. F;’s can be seen as information



granules with which we would like to express a set of objects. Given a set X C U, an understated expression
of X, or in other words, an inner approximation of X by means of unions of F;’s is obtained by

FUX)=|J{F; e F| F; C X}. (32)

On the other hand, an overstated expression of X, or in other words, an outer approximation of X by means
of unions of F;’s is obtained by

Fi(X) =ﬂ{UFi

icJ

UFiZ_)X,Jg{l,Q,...,p,o}}, (33)

icJ

where we define F, = U. We add F, considering cases where there is no J C {1,2,...,p} such that
Uies Fi 2 X. In such cases, we obtain F5(X) = U owing to the existence of F, = U. F(X) and F}(X)
are called lower and upper approximations of X, respectively.

Applying those approximations to U — X, we obtain F/(U — X) and F(U — X). From those, we obtain

FOX)=U - F3(U - X)

:U{U—UFZ-

ieJ
FolX) = U~ B - X)
:m{UiFleigU*X’i€{1527~'~ap7.}}5 (35)

UFz:_)U_Xan{172>7p}}7 (34)
icJ

where we define Fy = (). We note that FL'(X) and F/(X) are not always the same as F(X) and F(X),
respectively. The properties of those lower and upper approximations are studied in Inuiguchi [50].

2.3.2 Definitions by certainty qualifications in fuzzy setting

We extend those lower and upper approximations to cases where F is a family of fuzzy sets in U and X
is a fuzzy set in U. To do this, we extend the intersection, union, complement and the inclusion relation
into the fuzzy setting. The intersection, union and complement are defined by the min operation, the max
operation and a strong negation n, i.e., CN D, CUD and U — C for fuzzy sets C and D are defined by
membership functions pcnp(x) = min(uc(z), up(z)), Yo € C, poup(x) = max(pc(z), pup(z)), Yo € C,
no—c(x) = n(uc(z)), Vo € C, respectively. The inclusion relation C' C D is extended to inclusion relation
with degree Inc(C, D) = inf, I(po(x), up(x)), where I is an implication function.

First let us define a lower approximation by extending Eq. (32). In Eq. (32), before applying the union,
we collect F; such that F; C X. This procedure cannot be extended simply into the fuzzy setting, because
the inclusion relation has a degree showing to what extent the inclusion holds in the fuzzy setting. Namely,
each F; has a degree ¢; = Inc(F;, X). This means that X includes F; to a degree g;. Therefore, by using F;,
X is expressed as a fuzzy set including F; to a degree g;. In other words, X is a fuzzy set Y satisfying

Inc(Fy, Y) = f I(pp, (2), py () = g (36)

We note that there exists a solution satisfying Eq. (36) because ¢; is defined by Inc(F;, X). There can be
many solutions Y satisfying Eq. (36) and the intersection and union of those solutions can be seen as inner
and outer approximations of X by F;. Because we are now extending Eq. (32) and interested in the lower
approximation, we consider the intersection of fuzzy sets including F; to a degree g;. Let us consider

Ine(Fy,Y) = inf I(pr, (2), py (2)) 2 4, (37)

instead of Eq. (36). Eq. (37) is called a converse-certainty qualification [10] (or possibility-qualification).
Because I(a,-) is increasing for any a € [0, 1] for an implication function I and Eq. (36) has a solution, the
intersection of solutions of Eq. (36) is the same as the intersection of solutions of Eq. (37). Moreover, because
I is upper semi-continuous, we obtain the intersection of solutions of Eq. (37) as the smallest solution Y of
Eq. (37) defined by the following membership function:

py () = inf{s € [0,1] [ I(pr, (), 8) = i} = E[L)(pr (), g)- (38)



We have Y C X. Because we have many F; € F, the lower approximation ]-"f(X ) of X is defined by the
following membership function:

x) = sup &1 x), inf [ , , 39
s (@) = 50 €01] (o), nf () 0) ) (39)
where F can have infinitely many elementary fuzzy sets F.

Because Eq. (32) is extended to Eq. (39), Eq. (35) is extended to the following equation in the sense
that FF(X) = U — FE(U — X):

FeF

00 (0) = ot (€00] (e nf T ur ) miex ) ). (40)

where HFg () is the membership function of the upper approximation F¢ (X) of X.

Now let us consider the extension of Eq. (33). In this case, before applying the intersection, we collect
U,es Fi such that (J,.; F; 2 X. In the fuzzy setting, each |, ; F; has a degree ry = Inc(X,|J;c; Fi). This
means that X is included in ( J;. ; F; to a degree r;. Therefore, by using [, i € J, X is expressed as a fuzzy
set included in (J;; F; to a degree 7;. In other words, X is a fuzzy set Y satisfying

Inc (Y, U Fl> =inf] </,Ly($), max {4 g, (33)) =ry. (41)
ieJ ! el
We note that there exists a solution satisfying Eq. (41) because r; is defined by Inc(X,J;c; Fi). There

can be many solutions Y satisfying Eq. (41) and the intersection and union of those solutions can be seen
as inner and outer approximations of X by |J._ ; F;. Because we are now extending Eq. (33) and interested

i€J Tt
in the upper approximation, we consider the union of fuzzy sets including J;c ; F; to a degree r;. Let us
consider
Inc|Y, U F; | =inf[l <,uy(x),maxupi(x)> >ry, (42)
g T icJ

instead of Eq. (41). Eq. (42) is called a certainty qualification [10, 57]. Because I(-,a) is decreasing for any
a € [0, 1] for an implication function I and Eq. (41) has a solution, the union of solutions of Eq. (41) is the
same as the union of solutions of Eq. (42). Moreover, because I is upper semi-continuous, we obtain the
union of solutions of Eq. (42) as the greatest solution Y of Eq. (42) defined by the following membership
function:

g o) = sup {s € 0.1 1 (s @) 2 e = ol) (s ) ). (13)

where we define o[I](a,b) = sup{s € [0,1] | I(s,b) > a} for a,b € [0,1]. We have X C Y. Because we have
many | J;.; F3, the upper approximation F;(X) of X is defined by the following membership function:

. = inf o[I]( inf I 44
prs (@) = il of ]<y“éU <Mx(y),Pglé};uF(y))?éguF(x)), (44)
where F can have infinitely many elementary fuzzy sets F. We note that o[I] becomes an implication
function.

Because Eq. (33) is extended to Eq. (44), Eq. (34) is extended to the following equation in the sense
that F2(X)=U — F}(U — X):

Fe(x)(z) = sup n (0[1 ] (yiggf (n(ux(y)), Sup MF("J)) » SUp pF (x)>) ; (45)

where 7+ (x) is the membership function of the upper approximation F;(X) of X.

These four approximations were originally proposed by Inuiguchi and Tanino [10]. They selected a
pair (F(X), F¢(X)) to define a rough set of X. However, in connection with the crisp case, Inuiguchi [26]
selected pairs (F5(X), F*(X)) and (F7(X), F¢(X)) for the definitions of rough sets of X. In this paper, a

pair (F5(X), F£(X)) is called a §-fuzzy rough set and a pair (F7(X), F; (X)) a o-fuzzy rough set.



2.3.3 Properties

First we show properties about the representations of lower and upper approximations defined by Egs. (39),
(40), (44) and (45). We have the following equalities (see Inuiguchi [26]):

,uff(x)(x) = sup{{[I|(pr(z),h) | F € F,h € [0,1] such that

§UN(ur(y), h) < px(y),vVy € U}, (46)

s (0) = sup{ (1] (1, sup (o)) ) 0.1]
such that o[I] <h, sup ﬂp(y)) >n(ux(y)),Vy € U}, (47)

FeT

pry(x) (@) = inf{n(&[I)(nr(z),h)) | F € F,h €[0,1] such that

N (nr(y), h) < n(px(y)),Vy € U}, (48)
prFs(x) () = inf{ [1 ](h ;gg_up ) ‘ T CF,hel0,1]

such that o[I] (h, ;g};uﬂy)) > ux(y),Vy € U}. (49)

Using these equations, the following properties can be obtained easily:

FHX)C X CF(X), FI(X)CXCFiX), (50)

FL0) = FZ(0) =0, FL(U)=F;U) =10, (51)

X CY implies F$(X) C FS(Y), X CY implies F2(X) C FO(Y), (52)
X CY implies F¢(X) C F£(Y), X CY implies F;(X) C F7(Y), (53)
FEXUY)DFEX)UFEY), Fo(XUY)DFI(X)UFI(Y), (54)
FXNY)CF(X)NF(Y), F(XnY)CF(X)NF(Y), (55)
FSU-X)=U—-Fi(X), FU-X)=U—FiX). (56)

Furthermore, we can prove the following properties (see Inuiguchi [26]):

(7) The following assertions are valid:

(a) If a > 0, b < 1 imply I(a,b) < 1 and inf,cy supper pr(z) > 0, then we have FEU) = U and
FE(0) = 0.

(b) Ifb < 1implies I(1,b) < 1 and inf,ep suppe 7 pr(2) = 1, then we have F5(U) = U and FE(0) = 0.

(¢c) If a >0, b < 1imply I(a,b) < 1 and Vo € U, 3F € F such that pp(x) < 1, then we have
Fo(U)=U and F:(0) = 0.

(d) If @ > 0 implies I(a,0) < 1 and VYo € U, 3F € F such that pup(z) = 0, then we have FZ(U) =U
and F*(0) = 0.

(8) We have
FI(XNY)=F(X)NF(Y), FHXUY)=F;(X)UF,(Y). (57)

Moreover, if Va € [0,1], I(a,a) = 1 and VF}, F; € F, F; # F;, F; N F; = 0, we have

FEXNY)=FUX)NFEY), FEHXUY)=FH(X)UFEY). (58)

(9) We have
FEFEX)) = FE(X), FUFIUX)) = FI(X), (59)
FE(FE(X)) =F(X), Fo(Fo(X)) = Fo(X). (60)
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Inuiguchi and Tanino [10] proposed first this type of fuzzy rough sets. They demonstrated the advantage
in approximation when P is reflexive and symmetric, I is Dienes implication and 7' is minimum operation.
Inuiguchi and Tanino [58] showed that by selection of a necessity measure expressible various inclusion
situations, the approximations become better, i.e., the differences between lower and upper approximations
satisfying Eq. (58) become smaller. Moreover, Inuiguchi and Tanino [59] applied these fuzzy rough sets to
function approximation.

2.4 Relations between two kinds of fuzzy rough sets

Under given fuzzy relations P and ) described in subsection 2.2, we discuss the relations between two kinds
of fuzzy rough sets. Families of fuzzy sets are defined by P = {P(z)| x € U} and Q = {Q(z)| x € U}. We
have the following assertions.

(10) When P and @ are reflexive, I(1,a) = a, we have
P.(X) CPI(X), QiX)CQ (X). (61)
(11) When P and @ are reflexive, X is a crisp set, a < b if and only if I(a,b) = 1 and T'(a,1) = a for all

a € [0,1], we have

Po(X) C PH(X), Q«(X)C QI(X). (62)
(12) When P and Q are T-transitive, the following assertions are valid:
(a) When T = €[I] is associative, we have
Pi(X) C P(X), Q*(X)C Qi(X). (63)
(b) When T = ¢[o[I]] and o[I)(a, o[1](b, ¢)) = o[I](b, o[I](a, c)) for all a,b, ¢ € [0,1], we have
P*(X) CPy(X), QI(X)C Qu(X). (64)

Here we define ¢([T](a,b) = sup{s € [0,1] | T(a,s) < b}. This functional ¢ can produce an implication
function from a conjunction function 7. Note that ([¢[I]] = I and £[¢[T]] = I for upper semi-continuous I
and lower semi-continuous 7' (see Inuiguchi and Sakawa [52]).

2.5 The other approximation-oriented fuzzy rough sets

Greco et al. [24, 25] proposed fuzzy rough sets corresponding to a gradual rule [53], ‘the more an object is
in G, the more it is in X’ with fuzzy sets F' and X. Corresponding to this gradual rule, we may define the
lower approximation G} (X) of X and the upper approximation G% (X) of X respectively by the following
membership functions

ch(x)(x) =inf{ux(2) | z €U, pc(z) > pc(z)}, (65)
e (x)(x) = sup{ux(2) | 2 € U, pa(z) < pa(@)} (66)

When we have a gradual rule, ‘the less an object is in G, the more it is in X’, we define the lower approx-
imation G, (X) of X and the upper approximation G* (X) of X respectively by the following membership
functions

ler (x) (@) =inf{ux(2) [ 2 € U, pa(z) < pa(2)}, (67)
e (x)(x) = sup{ux(z) [ 2 € U, pa(z) = pa(z)} (68)

Moreover, when a complex gradual rule, ‘the more an object is in G* and the less it is in G~, the more it
is in X’ is given, the lower approximation GF(X) and upper approximation G (X) are defined respectively
by the following equations:

fig=x)(x) = inf{ux (2) | 2 € U, pu&(2) > p(x), pg(z) < pg()}, (69)
pgs (x)(x) = sup{ux (2) | z € U, p§(2) < p(x), ng(2) > ng(@)}, (70)
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where we define G = {GT,G™}.

The fuzzy rough sets are defined by pairs of those lower and upper approximations. This approach is
advantageous in (i) no logical connectives such as implication function, conjunction function, etc., are used
and (ii) the fuzzy rough sets correspond to gradual rules (see Greco et al. [24, 25]). However, we need a
background knowledge about the monotone properties between G (or G) and X.

This approach can be seen from a view point of modifier functions of fuzzy sets. A modifier function
¢ is generally a function from [0, 1] to [0, 1] (see [54]). Functions defined by ¢i(z) = 22, p2(z) = /7 and
p3(x) =1 — x are known as modifier functions corresponding to modifying words ‘very’, ‘more or less’ and
‘not’. Namely, given a fuzzy set A, we may define fuzzy sets ‘very A’, ‘more or less A’ and ‘not-A’ by the
following membership functions:

.uvery A(I) = (uA(x))zvﬂmore or less A(I) =V IU‘A(I)vﬂnot-A(x) =1- .UJA(I)' (71)

Such modifier functions are often used in approximate/fuzzy reasoning [55, 56], especially in the indirect
method of fuzzy reasoning which is called also, truth value space method.

Namely, we may define the lower approximation ®,(X) of X and the upper approximation ®*(X) of
X by means of a fuzzy set G by the following membership functions:

H<I>*(X)(33) = SO*G%X(HGU?)), H@*(X)(l“) = W’éax(uc(l‘))v (72)
where ® = {p¢=X 0% |} and modifier functions &% and ¢, _, y are selected to satisfy
0l 7 (16 (@) < px (@), v x(ne(2)) < px(z), Yo € U. (73)

Indeed, &[I)(-infyer I(na(y), px(y)) and o[I](infycr I(na(y), px (y),-) are modifier functions satisfying
Eq. (73) and these are used to define F(X) and F(X) in Eqs. (39) and (44), respectively. We note
that we consider multiple fuzzy set G = F € F in Eq. (39) and apply the union because we have
E(pa,infycy I(pa(y), px(x)) < px(z), Vo € U for all G € F. Similarly we consider multiple fuzzy
sets G defined by pug(x) = suppercrpr(x), € U in Eq. (44) and we apply the intersection because we
have o[I](inf,ev I(pG(y), nx (v), pe(x)) > px(z), Yo € U for all those fuzzy sets G.

In the definitions of Eqgs. (65) to (68), the following modifier functions are used respectively:

¢i(a) =sup{yf (B) | B €[0,a]}, ¢}(a) =inf{yL(B) |5 € [a, 1]}, (74)
¢, (a) =sup{y, (B) | B € [, 1]}, ¢Z(a) =inf{y2(B) | B € [0,a]}, (75)
where we define
Y (8) = inf{ux(2) | 2 € U, pa(2) > B}, (76)
Y- (a) = sup{ux(2) | z € U, pa(z) < B}, (77)
¥, (o) =inf{ux(2) [ 2 €U, pa(z) < B}, (78)
VI (a) = sup{ux(2) | z € U, pa(z) = B}, (79)

with inf() = 0 and sup@ = 1. We note that ¢} and ¢% are monotonically increasing which ¢, and ¢*
are monotonically decreasing. These monotonicities are imposed in order to fit the supposed gradual rules.
However, such monotonicities do not hold for functions ¢, ¥%, ¥ and ¢*. In the cases of Egs. (69) and

*

(70), we should extend the modifier function to a generalized modifier function which is a function from
[0,1] x [0,1] to [0, 1] because we have two fuzzy sets in the premise of the corresponding gradual rule. The
associated generalized modifier functions with Egs. (69) and (70) are obtained as

0¥ (a1, a) = sup{vF(B1, ) | B € [0, 0], B2 € [a2,1]}, (80)
@4 (0, a2) = sup{yL (B, B2) | b1 € [a1,1], B2 € [0, az]}, (81)

where we define

¥y (B, B2) = inf{ux(2) | z € U, ug(2)
Vi (B, B2) =sup{ux(2) | z € U, pk(z)

B, bg(z) < Ba}, (82)
Bi, pg(z) > Ba}, (83)

2
<
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with inf () = 0 and sup () = 1. We note pF and % are monotonically increasing in the first argument and
monotonically decreasing in the second argument.

Moreover when we do not have any background knowledge about the relation between G and X which
is expressed by a gradual rule. We may define the lower approximation G,(X) and the upper approximation
G*(X) by the following membership functions:

pe.(x)(x) =inf{px(2) | z € U, pa(z) = pa()}, (84)
pae(x)(x) = sup{pux(2) [ z € U, pa(2) = pa(x)} (85)
The modifier functions associate with these approximations are obtained as
p.(a) = inf{ux(2) | 2 € U, palz) = a}, (36)
¥ () =sup{px(2) | z € U, uc(z) = a}. (87)

where we define inf ) = 0 and sup ) = 1. Eq. (87) is the same as the inverse truth qualification [55, 56] of X
based on G.

We describe the properties of the approximations defined by Eqs. (65) to (68). However the other
approximations defined by Eqs. (69), (70), (84) and (85) have the similar results. We have the following
properties for the approximations defined by Eqgs. (65) to (68) (see Greco et al. [25] for a part of these
properties):

GHX)CXCGL(X), G/ (X)CXCG-(X), (88)
GI(0)=GL(0)=G,(0)=G=(0) =0, (89)
GI(U)=GL(U) =G, (U)=G~(U) =T, (90)
GHXNY)=GI(X)NG(Y), G (XNY)=G (X)NnG, (Y), (91)
GLXUY)=GL(X)UGL(Y), GL(XUY)=G(X)UGr(Y), (92)
X CY implies G (X) CGf(Y), X CY implies G% (X) C G (Y), (93)
X CY implies G, (X) C G, (Y), X CY implies G* (X) C G*(Y), (94)
GHXUY)DGHX)UGHY), GLXNY)CGL(X)NGL(Y), (95)
G, (XUY)D G (X)UG(Y), GL(XNY)CGL(X)NG=(Y), (96)
G (U\X) = U\G™(X) = U\(U\G)}(X) = (V\G), (U\X), (97)
G, (U\X) = U\GL(X) = U\(U\G)~(X) = (U\G)j(U\X), (98)
GI(GI(X)) =GL(GI (X)) = GI(X), GL(GLX)) =Gl (GL(X)) = GL(X),
(99)
GL(GL(X)) = GL(GL (X)) = GL(X), GL(GL(X)) = G (GL(X)) = GZ(X),
(100)

where U\ X is a fuzzy set defined by its membership function pn x (z) = N(px(x)), Vo € U with a strictly
decreasing function N : [0,1] — [0,1]. We found that all fundamental properties [2] of the classical rough
set are preserved.

2.6 Remarks

Three types of fuzzy rough set models have been described, divided into two groups: classification-oriented
and approximation-oriented models. The classification-oriented fuzzy rough set models are much more
investigated by many researchers. However, the approximation-oriented fuzzy rough set models would be
more important because they are associated with rules. While approximation-oriented fuzzy rough set
models based on modifiers are strongly related to the gradual rules, approximation-oriented fuzzy rough set
models based on certainty qualification have relations to uncertain generation rule (uncertain qualification
rule: certainty rule and possibility rule) [57], i.e., a rule such as ‘the more an object is in A, the more
certain (possible) it is in B’. While approximation-oriented fuzzy rough set models based on modifiers need
a modifier function for each granule G, the approximation-oriented fuzzy rough set models based on certainty
qualification need only a degree of inclusion for each granule F'. Therefore, the latter may work well for data
compression such as image compression, speech compression and so on.
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3 Generalized Fuzzy Belief Structures with Application in Fuzzy
Information Systems

In rough set theory there exists a pair of approximation operators, the lower and upper approximations,
whereas in the Dempster-Shafer theory of evidence there exists a dual pair of uncertainty measures, the
belief and plausibility functions. In this section, general types of belief structures and their induced dual
pairs of belief and plausibility functions are first introduced. Relationships between belief and plausibility
functions in the Dempster-Shafer theory of evidence and the lower and upper approximations in rough set
theory are then established. It is shown that the probabilities of lower and upper approximations induced
from an approximation space yield a dual pair of belief and plausibility functions. And for any belief structure
there must exist a probability approximation space such that the belief and plausibility functions defined by
the given belief structure are, respectively, the lower and upper probabilities induced by the approximation
space. The pair of lower and upper approximations of a set capture the non-numeric aspect of uncertainty
of the set which can be interpreted as the qualitative representation of the set, whereas the pair of the
belief and plausibility measures of the set capture the numeric aspect of uncertainty of the set which can be
treated as the quantitative characterization of the set. Finally, the potential applications of the main results
to intelligent information systems are explored.

3.1 Belief structures and belief functions
In this subsection we recall some basic notions related to belief structures with their induced belief and
plausibility functions.

3.1.1 Belief and plausibility functions derived from a crisp belief structure

The basic representational structure in the Dempster-Shafer theory of evidence is a belief structure.

Definition 1 Let U be a non-empty set which may be infinite, a set function m : P(U) — [0,1] is referred
to as a crisp basic probability assignment if it satisfies axioms (M1) and (M2):
(M1) m(®) =0, (M2) > m(X)=1.
Xcu

A set X € P(U) with nonzero basic probability assignment is referred to as a focal element of m. We denote
by M the family of all focal elements of m. The pair (M,m) is called a crisp belief structure on U.

Lemma 1 Let (M, m) be a crisp belief structure on U. Then the focal elements of m constitute a countable
set.

Proof. For any n € {1,2,...}, let

H, ={A e M|m(A) >1/n}.

oo
By axiom (M2) we can see that for each n € {1,2,...}, H, is a finite set. Since M = |J H,, we conclude
n=1

that M is countable.
Associated with each belief structure, a pair of belief and plausibility functions can be defined.

Definition 2 Let (M, m) be a crisp belief structure on U. A set function Bel : P(U) — [0,1] is called a
CC-belief function on U if

Bel(X) = Y m(M), VX ePU). (101)

MCX

A set function Pl: P(U) — [0,1] is called a CC-plausibility function on U if

PIX)= Y  m(M), VX eP{). (102)
MNX#D
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Remark 1 Since M is a countable set, the change of convergence may not change the values of the infinite
(countable) sums in Eqs. (101) and (102). Therefore, Definition 2 is reasonable.

The CC-belief function and CC-plausibility function based on the same belief structure are connected
by the dual property

PI(X)=1-Bel(~ X), VX e P(U) (103)
and moreover,
Bel(X) < PI(X), VX € P(U). (104)

When U is finite, a CC-belief function can be equivalently defined as a monotone Choquet capacity [60]
on U which satisfies the following properties [27]:

(MC1) Bel() = 0,

(MC2) Bel(U) =1,

(MC3) forall X; e P(U),i=1,2,...,k,

k

Bel(| ] Xi) > > (=)HIBel([) Xi). (105)

i=1 0£JC{1,2,....k} e

Similarly, a CC-plausibility function can be equivalently defined as an alternating Choquet capacity on U
which satisfies the following properties:

(AC1) P1(0) = 0,

(AC2) PI(U) =1,

(AC3) forall X; e P(U),i=1,2,...,k,

k

PI([] Xi) < > =pEei|  xa). (106)

i=1 0#£JC{1,2,....k} ied

A monotone Choquet capacity is a belief function in which the basic probability assignment can be
calculated by using the Mobius transform:

m(X) =Y (-)FVYIBel(Y), X € P(U). (107)

A crisp belief structure can also be induced a dual pair of fuzzy belief and plausibility functions.

Definition 3 Let (M, m) be a crisp belief structure on U. A fuzzy set function Bel : F(U) — [0, 1] is called
a CF-belief function on U if

Bel(X) = Y m(ANA(X), VX € F(U). (108)
AeM
A fuzzy set function Pl: F(U) — [0,1] is called a CF-plausibility function on U if
PIX) = Y m(A)l4(X), VX e FU). (109)
AeM

Where Ny : F(U) = [0,1] and 14 : F(U) — [0,1] are, respectively, the necessity measure and the possibility
measure determined by the crisp set A defined as follows:

Na(X) =\ X(u), X € F(U), (110)
ucA

M4(X)=\/ X(u), X € F(U). (111)
ueA
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3.1.2  Belief and plausibility functions derived from a fuzzy belief structure

Definition 4 Let U be a non-empty set which may be infinite. A set function m : F(U) — [0,1] is referred
to as a fuzzy basic probability assignment, if it satisfies axioms (FM1) and (FM2):
(FM1) m(0) =0, (FM2) S m(X)=1.
XEF(U)
A fuzzy set X € F(U) with m(X) > 0 is referred to as a focal element of m. We denote by M the family of
all focal elements of m. The pair (M, m) is called a fuzzy belief structure.

Lemma 2 [61] Let (M, m) be a fuzzy belief structure on W. Then the focal elements of m constitute a
countable set.

In the discussion to follow, all the focal elements are supposed to be normal, i.e., for any A € M, there
exists an x € U such that A(z) = 1. Associated with the fuzzy belief structure (M, m), two pairs of fuzzy
belief and plausibility functions can be derived.

Definition 5 Let U be a non-empty set which may be infinite, and (M, m) a fuzzy belief structure on U. A
crisp set function Bel : P(U) — [0,1] is referred to as a FC-belief function on U if

Bel(X) = ) m(A)Na(X), VX € P(). (112)
AeM
A crisp set function P1: P(U) — [0,1] is called a FC-plausibility function on U if
PI(X) = Y m(A)l4(X), VX eP). (113)
AeM

Where Ny : P(U) — [0,1] and I14 : P(U) — [0, 1] are, respectively, the necessity measure and the possibility
measure determined by the fuzzy set A defined as follows:

NA(X)= A\ (1-A(u), X € P(U) (114)
ug¢X

M4(X)=\/ A(),X € PU). (115)
ueX

Definition 6 Let U be a non-empty set which may be infinite, and (M, m) a fuzzy belief structure on U. A
fuzzy set function Bel : F(U) — [0,1] is referred to as a FF-belief function on U if

Bel(X) = Y m(ANa(X), VX € F(U). (116)
AeM
A fuzzy set function Pl: F(U) — [0,1] is called a FF-plausibility function on U if
PI(X) = Y m(A)I4(X), VX e F({). (117)
AeM

Where Ny : F(U) — [0,1] and 14 : F(U) — [0,1] are, respectively, the necessity measure and the possibility
measure determined by the fuzzy set A defined as follows:

NA(X) = A\ (X(u) v (1= A®w), X € FU), (118)
uelU

MA(X) = \/ (X(u) A A(u), X € F(U). (119)
uelU
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It can be proved that the belief and plausibility functions derived from the same fuzzy belief structure
(M, m) are dual, that is,

Bel(X) =1-Pl(~X), VX eF{U). (120)
And
Bel(X) < PI(X), VX € F(U). (121)

Moreover, Bel is a fuzzy monotone Choquet capacity of infinite order on U which satisfies axioms (FMC1)-
(FMC3),

(FMC1) Bel(0) =0,

(FMC2) Bel(U) =1,

(FMC3) For X; € F(U),i=1,2,...,n,n € N,

n

Bel(|_J X;) > > (=pFBe() X)) (122)

i=1 0#JC{1,2,....,n} JjeJ

And Pl is a fuzzy alternating Choquet capacity of infinite order on U which obeys axioms (FAC1)-(FAC3),
(FAC1) P1(0) = 0,
(FAC2) PI(U) =1,
(FAC3) For X; € F(U),i=1,2,...,n,n € N,

n

PI([] Xi) < > e x). (123)

i=1 0#£JC{1,2,...,n} ied

3.2 Belief structures of rough approximations

In this subsection, we show relationships between various belief and plausibility functions in Dempster-Shafer
theory of evidence and the lower and upper approximations in rough set theory with potential applications.

3.2.1 Belief functions VS crisp rough approximations

Definition 7 Let U and W be two nonempty universes of discourse. A subset R € P(U x W) is referred to
as a binary relation from U to W. The relation R is referred to as serial if for any x € U there exists y € W
such that (z,y) € R. If U =W, Re€ P(U x U) is called a binary relation on U, R € P(U x U) is referred
to as reflexive if (x,x) € R for all x € U; R is referred to as symmetric if (x,y) € R implies (y,x) € R for
all x,y € U; R is referred to as transitive if for any x,y,z € U, (x,y) € R and (y,z) € R imply (z,2) € R;
R is referred to as Euclidean if for any x,y,z € U, (z,y) € R and (x,z) € R imply (y,z) € R; R is referred
to as an equivalence relation if R is reflexive, symmetric and transitive.

Assume that R is an arbitrary binary relation from U to W. One can define a set-valued mapping
R, :U — P(W) by:

Rs(z) ={y e W|(z,y) € R}, z€U. (124)

Rs(x) is called the successor neighborhood of x with respect to (w.r.t.) R [62]. Obviously, any set-valued
mapping F' from U to W defines a binary relation from U to W by setting R = {(x,y) € U x W]y € F(z)}.
For A € P(W), let j(A) = R;*(A) be the counter-image of A under the set-valued mapping Ry, i.e.,

i(A) = { R;Y(A) = {u € U|R,(u) = A}, if Ae{R,(x)lxeU}, (125)

, otherwise.

Then it is well-known that j satisfies the properties (J1) and (J2):

(J1) A#B=jA)njB)=0, (J2) [J 4 =U.
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Definition 8 If R is an arbitrary relation from U to W, then the triple (U, W, R) is referred to as a gener-
alized approximation space. For any set A C W, a pair of lower and upper approximations, R(A) and R(A),
are, respectively, defined by

R(A) = {x € U|Rs(x) C A}, R(A)={z € U|Rs(z)NA#0D}. (126)

The pair (R(A), R(A)) is referred to as a generalized crisp rough set, and R and R : P(W) — P(U) are

called the lower and upper generalized approximation operators respectively.

If U is countable set, P a normalized probability measure on U, i.e. P({z}) > 0 for all z € U, and R
an arbitrary relation from U to W, then ((U, P), W, R) is referred to as a probability approximation space.

Theorem 1 [32] Assume that ((U, P),W, R) is a serial probability approzimation space, for X € P(W),
define

m(X) = P(j(X)), Bel(X)=P(R(X)), PIX) =P(R(X)). (127)

Then m : P(W) — [0,1] is a basic probability assignment on W and Bel : P(W) — [0,1] and P1: P(W) —
[0,1] are, respectively, the CC-belief and CC-plausibility functions on W.

Conversely, for any crisp belief structure (M, m) on W which may be infinite. If Bel : P(W) — [0, 1]
and P1: P(W) — [0,1] are, respectively, the CC- belief and CC-plausibility functions defined in Definition 2,
then there exists a countable set U, a serial relation R from U to W, and a normalized probability measure

P on U such that
Bel(X) = P(R(X)), PI(X) =P(R(X)), VX ePW). (128)

The notion of information systems (sometimes called data tables, attribute-value systems, knowledge
representation systems etc.) provides a convenient tool for the representation of objects in terms of their
attribute values.

An information system is a pair (U, A), where U = {z1,x2,...,2,} is a non-empty, finite set of objects
called the universe of discourse and A = {ay,as,...,a,} is a non-empty, finite set of attributes, such that
a:U —V, for any a € A, where V, is called the domain of a.

Each non-empty subset B C A determines an indiscernibility relation as follows:

Rp ={(z,y) € U x Ula(z) = a(y),Va € B}. (129)

Since Rp is an equivalence relation on U, it forms a partition U/Rp = {[z|g|z € U} of U, where [z]p
denotes the equivalence class determined by x with respect to (w.r.t.) B, ie., [z]g = {y € U|(z,y) € Rp}.
Let (U, A) be an information system, B C A, for any X C U, denote

Ry(X) = {z € Ulla]s € X},
N (130)
Rp(X)={z e Ulz]lgNX # 0}.

Rp(X) and Rp(X) are respectively referred to as the lower and upper approximations of X w.r.t. (U, Rp),
the knowledge generated by B. Objects in Rg(X) can be with certainty classified as elements of X on the
basis of knowledge in (U, Rg), whereas objects in Rg(X) can only be classified possibly as elements of X
on the basis of knowledge in (U, Rp)).

For B C Aand X C U, denote Belg(X) = P(Rp(X)) and Plg(X) = P(Rp(X)), where P(Y) = |Y|/|U|
and |Y'| is the cardinality of a set Y. Then Belg and Plg are CC-belief function and CC-plausibility function
on U respectively, and the corresponding mass distribution is

[ P(Y), ifY € U/Rs,
mp (V) = { 0, otherwise.

A decision system (sometimes called decision table) is a pair (U, CU{d}) where (U, C) is an information
system, and d is a distinguished attribute called the decision, in this case C is called the conditional attribute
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set, d is amap d : U — V; of the universe U into the value set V;, we assume, without any loss of generality,
that V; = {1,2,...,7}. Define

Ry ={(z,y) € U x Uld(z) = d(y)}. (131)

Then we obtain the partition U/Ry = {D1, Ds, ..., D, } of U into decision classes, where D; = {z € Uld(x) =
itd <r. If Re C Ry, then the decision system (U, C'U {d}) is consistent, otherwise it is inconsistent. One
can acquire certainty decision rules from consistent decision systems and uncertainty decision rules from
inconsistent decision systems.

3.2.2 Belief functions VS rough fuzzy approximations

Definition 9 Let (U, W, R) be a generalized approzimation space, for a fuzzy set A € F(W), the lower and
upper approximations of A, RF(A) and RF(A), with respect to the approximation space (U, W, R) are fuzzy
sets of U whose membership functions, for each x € U, are defined, respectively, by

RF(A)(z) = e;/( )A(y), rel,
RFE(A)(x) = 614\( )A(y), zeU. (132)

The pair (RF(A), RF(A)) is referred to as a generalized rough fuzzy set, and RE and RF : F(W) — F(U)

are referred to as lower and upper generalized rough fuzzy approximation operators, respectively.

In the discussion to follow, we always assume that (U, .4, P) is a probability space, i.e., U is a nonempty
set, A C P(U) a o-algebra on U, and P a probability measure on U.

Definition 10 A fuzzy set A € F(U) is said to be measurable w.r.t. (U, A) if A: U — [0,1] is a measurable
function w.r.t. A— B([0,1]), where B([0,1]) is the family of Borel sets on [0,1]. We denote by F(U,.A) the
family of all measurable fuzzy sets of U w.r.t. A— B([0,1]).

For any measurable fuzzy set A € F(U, A), since A, € A for all « € [0,1], A, is a measurable set on
the probability space (U, A, P) and then P(A,) € [0,1]. Notice that f(a) = P(A,) is monotone decreasing
and left continuous, it can be seen that f(«) is integrable, we denote the integrand as fol P(A,)da.

Definition 11 If a fuzzy set A is measurable w.r.t. (U, A), and P is a probability measure on (U, A). Denote

1
P(A) = / P(A,)da, (133)
0
P(A) is called the probability of A.
For a singleton set {z}, we will write P(x) instead of P({z}) for short.
Proposition 1 [63, 21] The fuzzy probability measure P in Definition 11 satisfies the following properties:

(1) P(A) €10,1] and P(A) + P(~ A) =1, for all A € F(U, A).
(2) P is countably additive, i.e., for A; € F(U,A), i =1,2,..., A;NA; =0, Vi # j, then

P Ai) =D P(4y). (134)

(8) A,Be F(U,A), AC B=— P(A) < P(B).
(4) If U = {u;li = 1,2,...} is an infinite countable set and A =P(U), then for all A € F(U),

1
P(A) = /0 P(An)da =Y A(z)P(x). (135)

zeU

(5) If U is a finite set with |U| =n, A=P(U), and P(u) = 1/n, then P(A) = fol P(Ay)da = |A|/n
for all A e P(U).
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Theorem 2 Assume that (U, P), W, R) is a serial probability approximation space, for X € F(W), define
m(X) = P(j(X)), Bel(X)=P(RE(X)), PIX) =P(RF(X)). (136)
Then m : P(W) — [0,1] is a basic probability assignment on W and Bel : F(W) — [0,1] and P1: F(W) —
[0,1] are, respectively, the CF-belief and CF-plausibility functions on W.
Conversely, for any crisp belief structure (M, m) on W which may be infinite. If Bel : F(W) — [0, 1]
and Pl : F(W) — [0,1] are, respectively, the CF- belief and CF-plausibility functions defined in Definition 3,

then there exists a countable set U, a serial relation R from U to W, and a normalized probability measure
P on U such that

Bel(X) = P(RE(X)), PIX) = P(RF(X)), VX € F(W). (137)

For a decision table (U, C' U {d}), where V; = {d;,da,...,d.}, d is called a fuzzy decision if, for each
x € U, d(x) is a fuzzy subset of Vy, i.e., d: U — F(Vy), with no lose of generality, we represent d as follows:

d(l‘,) = dil/dl —|—di2/d2 + -4 dir/dr,i =1,2,...,n, (138)
where d;; € [0,1]. In this case, (U,C U {d}) is called an information system with fuzzy decision. For the
fuzzy decision d, we define a fuzzy indiscernibility binary relation R4 on U as follows: For i,k =1,2,....n

Ra(xi, 1) = min{1 — |dij — dis]|j = 1,2,...,7}. (139)

Then, we obtain a fuzzy similarity class Sq(z) of € U in the system (U, C U {d}) as follows:
Sa(z)(y) = Ra(z,y), yeU. (140)

Since Sy(x)(z) = Rq(z,z) = 1, we see that Sy(x) : U — [0,1] is a normalized fuzzy set of U. Denote by
U/R, the fuzzy similarity classes induced by the fuzzy decision d, i.e.

U/Rq = {Sa(a)|z € U}. (141)

For B C C and X € F(U), we define the lower and upper approximations of X w.r.t. (U, Rg) as
follows:
RFp(X)(x)= AN X(y), =zel,
y€SE(x)
RFg(X)(z)= V X(y), =zel.
y€Sp(z)

(142)

Theorem 3 Let (U,C U {d}) be an information system with fuzzy decision. For B C C and X € F(U), if
RFg(X) and RFp(X) are, respectively, the lower and upper approzimations of X w.r.t. (U, Rg) defined by
Definition 9, denote

Belp(X) = P(RFp(X)),
Plp(X) = P(RFg(X)),

where P(X) = > ., X(2)/|U]| for X € F(U), then Belg : F(U) — [0,1] and Plp : F(U) — [0,1] are,
respectively, a CF-belief function and a CF-plausibility function on U, and the corresponding basic probability
assignment m, s

()= { POO=IU0L 4 € Ui "

3.2.3 Belief functions VS fuzzy rough approximations

(143)

Definition 12 Let U and W be two nonempty universes of discourse. A fuzzy subset R € F(U x W)
is referred to as a binary relation from U to W, R(x,y) is the degree of relation between x and y, where
(z,y) € Ux W. The fuzzy relation R is referred to as serial if for each x € U, \/ cy R(z,y) = 1. If
U=W, ReFUxU) is called a fuzzy binary relation on U, R is referred to as a reflexive fuzzy relation if
R(z,x) =1 for allz € U; R is referred to as a symmetric fuzzy relation if R(x,y) = R(y,x) for allx,y € U;
R is referred to as a transitive fuzzy relation if R(x, z) > Vyev (R(x,y) A R(y, 2)) for allx,z € U; and R is
referred to as an equivalence fuzzy relation if it is reflexive, symmetric, and transitive.
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Definition 13 Let U and W be two non-empty universes of discourse and R a fuzzy relation from U to W.
The triple (U, W, R) is called a generalized fuzzy approzimation space. For any set A € F(W), the lower and
upper approximations of A, FR(A) and FR(A), with respect to the approzimation space (U, W, R) are fuzzy
sets of U whose membership functions, for each x € U, are defined, respectively, by

FRA@ =V [Reo)AAW).  a€l.
FRA)@)= A [0~ BE.p)VAw), =cU. (145)

The pair (FR(A), FR(A)) is referred to as a generalized fuzzy rough set, and FR and FR : F(W) — F(U)
are referred to as lower and upper generalized fuzzy rough approximation operators, respectively.

Theorem 4 Let (U, W, R) be a serial fuzzy approzimation space in which U is a countable set, P a probability
measure on U. If FR and F R are the fuzzy rough approzimation operators defined in Definition 13, denote

Bel(X) = P(FR(X)), PI(X)=P(FR(X)), X e F(W). (146)

Then Bel : F(W) — [0,1] and Pl : F(W) — [0,1] are, respectively, FF-fuzzy belief and FF-plausibility
functions on W.

Conversely, if (M, m) is a fuzzy belief structure on W, Bel : F(W) — [0,1] and P1: F(W) — [0,1] are
the pair of FF-fuzzy belief function and FF-plausibility function defined in Definition 6, then there exists a
countable set U, a serial fuzzy relation R from U to W, and a probability measure P on U such that for all
X e F(W),

Bel(X) = P(ER(X)) = 3 FR(X)(x)P(x), (147)
zcU

PI(X) = P(FR(X)) =Y FR(X)(x)P(x). (148)
xzelU

A pair (U, A) is called a fuzzy information system if each a € A is a fuzzy attribute, i.e. for each x € U,
a(x) is a fuzzy subset of Vg, that is, a : U — F(V,). Similar to Eq. (139), we can define a reflexive fuzzy
binary relation R, on U, and consequently, for any attribute subset B C A one can define a reflexive fuzzy
relation Rp as follows

Rp = () Ra. (149)
a€B

For X € F(U), denote
Belp(X) = P(FR, (X)), Plp(X) = P(FRp(X)), (150)

where P(X) = > ., X(x)/|U| for X € F(U). Then, according to Theorem 4, Belg : F(U) — [0, 1] and
Plg : F(U) — [0,1] are respectively, FF-fuzzy belief function and FF-plausibility function on U. More
specifically, if X in Eq. (150) is crisp subset of U, then Belg : P(U) — [0,1] and Plg : P(U) — [0,1]
defined by Eq. (150) are respectively, FC-fuzzy belief functions and FC-plausibility functions on U. Based
on these observations, we believe that FF-fuzzy belief functions and FF-plausibility functions can be used to
analyze uncertainty fuzzy information systems with fuzzy decision and whereas FC-fuzzy belief functions and
FC-plausibility functions can be employed to deal with knowledge discovery in fuzzy information systems
with crisp decision.

3.3 Conclusion of this section

The lower and upper approximations of a set capture the non-numeric aspect of uncertainty of the set which
can be interpreted as the qualitative representation of the set, whereas the pair of the belief and plausibility
measures of the set characterize the numeric aspect of uncertainty of the set which can be treated as the
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quantitative characterization of the set. In this section, we have introduced some generalized belief and
plausibility and belief functions on the Dempster-Shafer theory of evidence. We have shown that the fuzzy
belief and plausibility functions can be interpreted as the lower and upper approximations in rough set theory.
That is, the belief and plausibility functions in the Dempster-Shafer theory of evidence can be represented
as the probabilities of lower and upper approximations in rough set theory, thus rough set theory may be
regarded as the basis of the Dempster-Shafer theory of evidence. And the Dempster-Shafer theory of evidence
in the fuzzy environment provides a potentially useful tool for reasoning and knowledge acquisition in fuzzy
systems and fuzzy decision systems.

4 Applications of Fuzzy Rough Sets

Both fuzzy set and rough set theories have fostered broad research communities and have been applied in
a wide range of settings. More recently, this has extended also to the hybrid fuzzy rough set models. This
section tries to give a sample of those applications, which are in particular numerous for machine learning
but which also cover many other fields, like image processing, decision making and information retrieval.

Note that we do not consider applications that simply involve a joint application of fuzzy sets and
rough sets, like for instance a rough classifier that induces fuzzy rules. Rather, we focus on applications that
specifically involve one of the fuzzy rough set models discussed in the previous sections.

4.1 Applications in machine learning
4.1.1 Feature selection

The most prominent application of classical rough set theory is undoubtedly semantics-preserving data
dimensionality reduction: the removal of attributes (features) from information systems® without sacrificing
the ability to discern between different objects. A minimal attribute subset B C A that maintains objects’
discernibility is called a reduct. For classification tasks, it is sufficient to be able to discern between objects
belonging to different classes, in which case a decision reduct, also called relative reduct, is sought.

The traditional rough set model sets forth a crisp notion of discernibility, where two objects are either
discernible or not w.r.t. a set of attributes B based on their values for all attributes in B. To be able to handle
numerical data, discretization is required. Fuzzy-rough feature selection avoids this external preprocessing
step by incorporating graded indiscernibility between objects directly into the data reduction process. On
the other hand, by the use of fuzzy partitions, such that objects can belong to different classes to varying
degrees, a more flexible data representation is obtained.

Chronologically, the oldest proposal to apply fuzzy rough sets to feature selection is due to Kuncheva [39]
in 1992. However, rather than using Dubois and Prade’s definition, she proposed her own notion of a fuzzy
rough set based on an inclusion measure. Based on this, she defined a quality measure for evaluating attribute
subsets w.r.t. their ability to approximate a predetermined fuzzy partition on the data, and illustrated its
usefulness on a medical data set.

Jensen and Shen [40, 42] were the first to propose a reduction method that generalizes the classical
rough set positive region and dependency function. In particular, the dependency degree yp, with B C A,
is used to guide a hill-climbing search in which, starting from B = (), in each step an attribute a is added
such that ypy(q) is maximal. The search ends when there is no further increase in the measure. This is the
QuickReduct algorithm. In [64] they replaced this simple greedy search heuristic by a more complex one
based on ant colony optimization.

Hu et al. [66] formally defined the notions of reduct and decision reduct in the fuzzy-rough case, referring
to the invariance of the fuzzy partition induced by the data, and of the fuzzy positive region, respectively.
They also showed that minimal subsets that are invariant w.r.t. (conditional) entropy are (decision) reducts.

Tsang et al. [67] proposed a method based on the discernibility matrix and function to find all decision
reducts where invariance of the fuzzy positive region defined using Dubois and Prade’s definition is imposed,
and proved its correctness. In [68], an extension of this method is defined that finds all decision reducts where
the approximations are defined using a lower semi-continuous t-norm 7 and its R-implicator. The particular

L An information system (U, A) consists of a non-empty set U of objects which are described by a set of attributes A.
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case using Lukasiewicz connectives was studied in [69]. Later, Zhao and Tsang [?] studied relationships that
exist between different kinds of decision reducts, defined using different types of fuzzy connectives.

In [65], Jensen and Shen introduced three different quality measures for evaluating attribute subsets:
the first one is a revised version of their previously defined degree of dependency, the second one is based
on the fuzzy boundary region and the third one on the satisfaction of the clauses of the fuzzy discernibility
function. On the other hand, in [70], Cornelis et al. proposed the definition of fuzzy M-decision reducts,
where M is an increasing, [0,1]-valued quality measure. They studied two measures based on the fuzzy
positive region and two more based on the fuzzy discernibility function, and applied them to classification
and regression problems.

In [46], Chen and Zhao study the concept of local reduction: instead of looking for a global reduction,
where the whole positive region is considered as an invariant, they focus on subsets of decision classes and
identify the conditional attributes that provide minimal descriptions for them.

Over the past few years, there has also been considerable interest in the application of noise-tolerant
fuzzy rough set models to feature selection, where the aim is to make the reduction more robust in the
presence of noisy or erroneous data. For instance, Hu et al.[71] defined fuzzy rough sets as an extension of
Variable Precision Rough Sets, and used a corresponding notion of positive region to guide a greedy search
algorithm. In [72], Cornelis and Jensen evaluated the Vaguely Quantified Rough Set (VQRS) approach to
feature selection. They found that because the model does not satisfy monotonicity w.r.t. the fuzzy relation
R, adding more attributes does not always lead to an expansion of the fuzzy positive region, and the hill-
climbing search sometimes runs into troubles. Furthermore, in [73] Hu et al., inspired by the idea of soft
margin support vector machines, introduced soft fuzzy rough sets and applied them to feature selection.

He et al. [74] consider the problem of fuzzy-rough feature selection for decision systems with fuzzy
decisions, that is, where the decision attribute is characterized by a fuzzy T-similarity relation instead of a
crisp one. This is the case of regression problems. They give an algorithm for finding all decision reducts
and another one for finding a single reduction.

The relatively high complexity of fuzzy-rough feature selection algorithms somewhat limits is applica-
bility to large datasets. In view of this, Chen et al. [75] propose a fast algorithm to obtain one reduct, based
on a procedure to find the minimal elements of the discernibility matrix of [67]. The algorithm is compared
w.r.t. execution time with the proposals in [65] and [67], and turns out to be a lot faster. On the other hand,
Qian et al. [76] implement an efficient version of feature selection using the model of Hu et al. [71].

The use of kernel functions as fuzzy similarity relations in feature selection algorithms has also sparked
researchers’ interest. In particular, Du et al. [77] apply fuzzy-rough feature selection with kernelized fuzzy
rough sets to yawn detection, while Chen et al. [78] propose parameterized attribute reduction with Gaussian
kernel based fuzzy rough sets. He and Wu [79] develop a new method to compute membership for fuzzy
support vector machines (FSVMs) by using a Gaussian kernel-based fuzzy rough set, and employ a technique
of attribute reduction using Gaussian kernel-based fuzzy rough sets to perform feature selection for FSVMs.

Finally, Derrac et al. [80] combine fuzzy-rough feature selection with evolutionary instance selection.

4.1.2 Instance selection

Instance selection can be seen as the orthogonal task to feature selection: here the goal is to reduce an
information system (U, A) by removing objects from U. The first work on instance selection using fuzzy
rough set theory was presented in [81]. The main idea is that instances for which the fuzzy rough lower
approximation membership is lower than a certain threshold are removed. This idea was improved in [82],
where the selection threshold is optimized. This method has been applied in combination with evolutionary
feature selection in [83] and for imbalanced classification problems in [84, 85], in combination with resampling
methods.

4.1.3 Classification

Fuzzy rough sets have been widely used for classification purposes, either by means of rule induction or
by plugging them into existing classifiers like nearest neighbor classifiers, decision trees and support vector
machines (SVM).

The earliest work on rule induction using fuzzy rough set theory can be found in [25]. In this paper,
the authors propose a fuzzy rough framework to induce fuzzy decision rules that does not use any fuzzy

23



logical connectives. Later, in [43], an approach that generates rules from data using fuzzy reducts was
presented, with a fuzzy rough feature selection preprocessing step. In [86], the authors noticed that using
feature selection as a preprocessing step often leads to too specific rules, and proposed an algorithm for
simultaneous feature selection and rule induction. In [87, 88|, a rule-based classifier is built using the
so-called consistency degree as a critical value to keep the discernibility information invariant in the rule
induction process. Another approach to fuzzy rough rule induction can be found in [89], where rules are
found from training data with hierarchical and quantitative attribute values. The most recent work can
be found in [90], where fuzzy equivalence relations are used to model different types of attributes in order
to obtain small rule sets from hybrid data, and in [91] where a harmony search algorithm is proposed to
generate emerging rule sets.

In [92], the K nearest neighbor method was improved using fuzzy set theory. So far, three different
fuzzy rough based approaches have been used to improve this Fuzzy Nearest Neighbor (FNN) classifier.
In [93], the author introduces a fuzzy rough ownership function and plugs it into the FNN algorithm. In
[94, 95, 96, 97], the extent to which the nearest neighbors belong to the fuzzy lower and upper approximations
of a certain class are used to predict the class of the target instance, these techniques are applied in [98] for
mammographic risk analysis. Finally, in [99], the FNN algorithm is improved using the fuzzy rough positive
regions as weights for the nearest neighbors.

During the last decade, several authors have worked on fuzzy rough improvements of decision trees.
The common idea of these methods is that during the construction phase of the decision tree, the feature
significances are measured using fuzzy rough techniques [100, 101, 102, 103]. In [104, 105, 106], the kernel
functions of the SVM are redefined using fuzzy rough sets, to take into account the inconsistency between
conditional attributes and the decision class. In [79], this approach is combined with fuzzy rough feature
selection. In [107], SVMs are reformulated by plugging in the fuzzy rough memberships of all training
samples into the constraints of the SVMs.

4.1.4 Clustering

Many authors have worked on clustering methods that use both fuzzy set theory and rough set theory, but
to the best of our knowledge, only two approaches use fuzzy rough sets for clustering. In [108], fuzzy rough
sets are used to measure the intra-cluster similarity, in order to estimate the optimal number of clusters. In
[109], a fuzzy rough measure is used to measure the similarity between genes in microarray analysis, in order
to generate clusters such that genes within a cluster are highly correlated to the sample categories, while
those in different clusters are as dissimilar as possible.

4.1.5 Neural networks

There are many approaches to incorporate fuzzy rough set theory in neural networks. One option is to use
fuzzy rough set theory to reduce the problem that samples in the same input clusters can have different
classes. The resulting fuzzy rough neural networks are designed such that they work as fuzzy rough member-
ship functions [110, 111, 112, 113]. A related approach is to use fuzzy rough set theory to find the importance
of each subset of information sources of subnetworks [114]. Other approaches use fuzzy rough set theory to
measure the importance of each feature in the input layer of the neural network [115, 116, 117].

4.2 Other applications
4.2.1 Image processing

Fuzzy rough sets have been used in several domains of image processing. They are especially suitable for
these tasks because they can capture both indiscernibility and vagueness, which are two important aspects
of image processing.

In [118, 119], fuzzy rough based image segmenting methods are proposed and applied in a traditional
Chinese medicine tongue image segmentation experiment. Often, fuzzy rough attribute reduction methods
are proposed for image processing problems, as in [120] or in [121], where the methods are applied for face
recognition. In [122], a method for edge detection is proposed by building a hierarchy of rough-fuzzy sets to
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exploit the uncertainty and vagueness at different image resolutions. Another aspect of image processing is
texture segmentation, this problem is tackled in [123] using rough-fuzzy sets. In [124], the authors solve the
image classification problem using a nearest neighbor clustering algorithm based on fuzzy rough set theory,
and apply their algorithm to hand gesture recognition. In [125], a combined approach of neural network
classification systems with a fuzzy rough sets based feature reduction method is presented. In [126], fuzzy
rough feature reduction techniques are applied to a large-scale Mars McMurdo panorama image.

4.2.2 Decision making

Fuzzy rough set theory has many applications in decision making. In [127], the authors calculate the fuzzy
rough memberships of software components in previous projects and decide based on these values which ones
to reuse in a new program. In [128, 129], a multi objective decision making model based on fuzzy rough
set theory is used to solve the inventory problem. In [130], variable precision fuzzy rough sets are used
to develop a decision making model, that is applied for IT offshore outsourcing risk evaluation. Another
approach can be found in [131] where the decision corresponds to the decision corresponding with the instance
with maximal sum of lower and upper soft fuzzy rough approximation. Recent work can be found in [132],
where a fuzzy rough set model over two universes is defined to develop a general decision making framework
in an uncertainty environment for solving a medical diagnosis problem.

4.2.3 Information retrieval, data Mining and the web

Fuzzy rough sets have been used to model imprecision and vagueness in databases. In [133], the authors
develop a fuzzy rough relational database, while in [134], a fuzzy rough extension of a rough object classifier
for relational database mining is studied. In [135], fuzzy rough set theory is used to mine from incomplete
datasets, while in [136], fuzzy rough sets are incorporated in mining agents for predicting stock prices. More
recently, fuzzy rough sets have been applied to identify imprecision in temporal database models [137, 138].

In [139, 140], fuzzy rough set theory is used to approximate document queries. In the context of the
semantic web, a lot of work has been done on fuzzy rough description logics. The first paper on this topic
can be found in [141], where a fuzzy rough ontology was proposed. Later, in [142], the authors propose a
fuzzy rough extension of the descriptive logic SHZN . A fuzzy rough extension of the descriptive logic ALC
can be found in [143]. In [144, 145], an improved and more general approach is presented.
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