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Abstract: Fuzzy set can be used as an alternative to represent imprecise data from total igno-
rance (regarded as the most imprecise data), to crisp (regarded as the most precise data). Degree 
of similarity between two imprecise data represented in two fuzzy sets may be approximately cal-
culated by using a fuzzy conditional probability relation. The degree of similarity relationship 
between two fuzzy sets corresponding to two fuzzy classes as results of a fuzzy partition on a given 
finite set of data is examined. Related to a well known fuzzy partition, called fuzzy pseudopar-
tition or fuzzy c-partition where c designates the number of fuzzy classes in the partition; we 
introduce fuzzy symmetric c-partition regarded as a special case of the fuzzy c-partition. In addi-
tion, we also introduce fuzzy covering as a generalization of fuzzy partition. Similarly, two fuzzy 
coverings, namely fuzzy c-covering and fuzzy symmetric c-covering are proposed corresponding 
to the fuzzy c-partition and the fuzzy symmetric c-partition, respectively. In this paper, special 
attention will be given to apply the concept of fuzzy c-covering in generating a fuzzy thesaurus. 
A simple example is given to demonstrate the concept. 

Keywords: Fuzzy covering, Fuzzy thesaurus, Weak similarity relation, Fuzzy conditional prob-
ability relation 

1 Introduction 

In real-word applications, data may be imprecise 
in which degrees of preciseness of data might be in-
tuitively different. Here, fuzzy set expression can 
be considered as an alternative to represent the im-
precise data from total ignorance to crisp. In our 
previous papers (5, 6], degree of similarity between 
two imprecise data represented by two fuzzy sets 
was suggested to be approximately calculated by 
using a fuzzy conditional probability relation. Also, 
related to the fuzzy conditional probability rela-
tion, we proposed a weak similarity relation as a 
more realistic relation in representing similarity be-
tween two elements of data than the similarity re-
lation (Zadeh, 1970 [22]) in which the similarity re-
lation is characterized by reflexive, symmetric, and 
(max-min)transitive properties. Naturally, degree 
of similarity between two elements of data in real-
world applications is neither necessarily symmetric 
nor necessarily transitive as discussed in [6, 18, 20]. 
Here, the weak similarity relation is regarded as 
a generalization of the similarity relation, and the 
fuzzy conditional probability relation can be con-
sidered as a concrete example of the weak similarity 
relation. 

In [9], based on the fuzzy conditional probability 

relation, on the one hand, we examined and dis-
cussed similarities of fuzzy sets or. fuzzy classes as 
results of a fuzzy partition over a particular do-
main of data. A kind of fuzzy partition, called 
fuzzy pseudopartition or fuzzy c-partition where c 
designates the number of fuzzy classes in the par-
tition, was introduced in [1, 12]. Related to the 
fuzzy c-partition, we introduced a fuzzy symmetric 
c-partition as a special case of the fuzzy c-partition 
in which a partition induced by the fuzzy symmet-
ric c-partition will produce a symmetric similarity 
table. 

*This paper is an enhanced version of the paper presented 
at NAFIPS 2003 [lO] 
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On the other hand, a fuzzy covering was also 
introduced and considered as a generalization of 
the fuzzy partition by allowing fuzzy classes or 
fuzzy sets to overlap one another in dealing an 
element of data. In other words, an element of 
data may totally (with a membership degree of 
1) belong to more than one fuzzy class or fuzzy 
set. Similarly, a fuzzy c-covering and a fuzzy sym -
metric c-covering were introduced corresponding to 
the fuzzy c-partition and the fuzzy symmetric c-
partition, respectively. In this paper, we apply the 
concept of the fuzzy c-covering to generate a fuzzy 
thesaurus. On the assumption that every docu-
ment corresponds to a fuzzy class (subset) on a 
set of terms (subjects or keywords), we can con-
struct two asymmetric similarity classes of all terms 
by using the fuzzy conditional probability relation. 
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Also, similarity classes can be provided in terms of 
both crisp and fuzzy granularity. A measure can 
be defined by a relationship between the similar-
ity classes of the terms in order to show a degree 
of association between two terms. Broader Terms 
{BT), Narrower Terms (NT) and Related Terms 
{RT) as usually used in the categories of thesaurus 
can be defined by the degree of association. Finally, 
an illustrative example is given to demonstrate the 
concept of fuzzy thesaurus. 

2 Preciseness and Similarity 
of Data 

In real world application, degree of preciseness be-
tween two elements of imprecise data might be in-
tuitively different. For example two imprecise data 
hot and about 40°C may have different degree of 
preciseness. Intuitively, about 40°C is more pre-
cise than hot. In general, preciseness of data can 
be assigned from total ignorance to crisp where to-
tal ignorance and crisp express the most imprecise 
and the most precise of data, respectively. In this 
case, fuzzy sets can be used as an alternative to 
represent preciseness of data from total ignorance 
to crisp. The following definition shows how fuzzy 
sets can be used to represent the imprecise data. 

Definition 1 Let D be an ordinary set of a given 
particular discrete domain of data. An imprecise 
data, X over domain D regarded as a fuzzy set X 
on D is simply defined as a mapping from D to the 
closed interval {0, 1 j characterized by a membership 
function 

[0, 1], (1) 

where X is a label and is the membership func-
tion of the fuzzy set. 

By Definition 1, total ignorance over D and crisp 
di E D, where D = {d1, ... ,dn}, are also simply 
defined as (6, 7, 8): 

= ... , 1/dn}, 
= {0/d1, ... , 1/di, ... , 0/dn}, 

respectively, where i.e., = 1 represented by 
1/d1. 
Here, TI is regarded as a fuzzy set representing the 
universal set of domain D while crisp of d i is a fuzzy 
sets that consists of a crisp element of data, d i .

Example 1 Two imprecise data over domain 
Temperature in degree Celsius, W arm(W) and 
Rather Hot(RT), might be represented in the fol-
lowing membership functions of two fuzzy sets (see 
Fig. 1}: 

= {0.2/24, 0.5/26,1/28,1/30,0.5/32, 0.2/34}, 
= {0.5/30, 1/32,1/34, 0.5/36}. 
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Warm 

0.5 • 

0.2 

24 26 28 30 32 34 °C 

• 
Rather Hot 

0.5 

0.2 

28 30 32 34 36 38 

Figure 1: Warm and Rather Hot 

Based on their membership function, Rather Hot 
is more precise than Warm, because Warm takes 
more support in Temperature than Rather Hot. 
Here, measure of preciseness may be regarded as a 
measure of speci.ficity as proposed in (21] . Consid-
ering this reason; degree of similarity between two 
data is neither necessarily symmetric nor necessar-
ily transitive as discussed in (6, 18, 20]. Formally, 
these properties belong to weak similarity relation 
that is a generalization of a similarity relation. For 
:F(D) is a fuzzy power set defined on a given do-
main D, we have 

Definition 2 A similarity relation {22} is a 
mapping, s : :F(D) x :F(D) (0, 1], such that for 
X, Y, Z E F(D), 

(a) Reflexivity: s(X, X) = 1, 
(b) Symmetry: s(X, Y) = s(Y,X), 
(c) Max-min transitivity: 

s(X, Z) max min(s(X, Y), s(Y, Z)]. 

Definition 3 A weak similarity relation {5} is 
a mapping, s : :F(D) x :F(D) [0, 1], such that for 
X, Y, Z E :F(D), 

(a) Reflexivity: s(X, X) = 1, 
(b) Conditional symmetry : 

if s(X, Y) > 0 then s(Y, X) > 0, 
(c) Conditional transitivity : 

if s(X, Y) s(Y, X) > 0 and 
s(Y, Z) s(Z, Y) > 0 then s(X, Z) s(Z, X). 

A fuzzy conditional probability relation is regarded 
as a concrete example of the weak similarity rela-
tion and formallv defined as follows: 

Aust. Journar oj1ntelligent !nfo. Processing Systems 



134 

Definition 4 Let and be two membership 
functions over a given domain D for two fuzzy 
labels X and Y of a fuzzy power set F(D). A 
fuzzy conditional probability relation is a mapping, 
R: F(D) x F(D) [0, 1], defined by: 

R(X,Y) = P{X Y) = 

= (2) 

where R(X, Y) means the degree Y supports X or 
the degree Y is similar to X and IYI = 
is regarded as cardinality of Y. 

Fuzzy conditional probability in Definition 4 is 
principally the same as fuzzy relative cardinal-
ity(Dubois and Prade, 1982 [3]) as shown in the 
following equation: 

I(F G)= 
' IFI ' 

where IFI = and intersection is defined 
as minimum. Kosko [13] has pointed out the anal-
ogy between I(F, G) and a conditional probability 
P(A |B) where B and F play the same role. In 
practical application, fuzzy conditional probability 
relations may be used as a basis of representing de-
gree of similarity relationships between two fuzzy 
sets. In the definition of fuzzy conditional proba-
bility relations, the probability values may be esti-
mated based on.the semantic relationships between 
fuzzy sets by using the epistemological or subjective 
view of probability theory. 

Example 2 Recalling Example 1, degree of simi-
larity between Wann(W) and Rather Hot(RH) is 
calculated by (2) as follows: 

R(W,RH) = min{0.5, 0.5) + min(0.2, 1) 0.7 
0.5 + 1 + 1 + 0.5 = 3.0' 

R(RH,W) = min(0.5, 0.5) + min(0.2, 1) 0.7 
0.2 + 0.5 + 1 + 1 + 0.5 + 0.2 = 3.4. 

Furthermore, some properties of (fuzzy) condi-
tional probability relations are given in [5, 6]: for 
X,Y,ZE U, 

1. R(X, Y) = R(Y,X) = 1 Y, 

2. [R(Y,X) = 1,R(X,Y) < 1] c Y, 

3. R(X, Y) = R(Y, X) > 0 |X| = |Y|, 

4. R(X, Y) < R(Y, |X| < |Y|, 

5. R(X, Y) > 0 R(Y, X) > 0, 

6. [R(X, Y) R(Y, X) > 0, R(Y, Z) > 
R(Z, Y) > 0} R(X, Z) R(Z, X). 
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3 Degree of Similarity in 
Fuzzy Partition 

A kind of fuzzy partition, called fuzzy pseudoparti-
tion or fuzzy c-partition proposed in [1, 12], where 
c designates the number of fuzzy classes in the par-
tition is defined as follows: 

Definition 5 Let D = { d1, ... , dn} be a given do-
main of data. A fuzzy c-partition of D is a family 
of fuzzy subsets or fuzzy classes of P, denoted by 
P = {P1,P2, ... ,Pc}, which satisfies 

c 

= 1 for all k E Nn, {3) 
i=l 

and 
n 

0 < < n for all i E Nc, {4) 
k=l 

where c is a positive integer and (dk) E [0, 1]. 

(3) shows that every crisp element of data must to-
tally belong to fuzzy classes in partition. All fuzzy 
classes in the partition must entirely cover all crisp 
elements of data. On the other hand, (4) tells that 
empty class (the class or subset that has no any el-
ement of data) and universal class (the class which 
perfectly covers all elements of data) are meaning-
less, where universal class is considered as total ig-
norance in terms of preciseness of data (see Section 
2). 

Example 3 A fuzzy 9-partition of a given domain 
D={d1,d2,d3,d4,d5,d6} might be arbitrarily given 
by: 

= {1/d1,0.8/d2,0.2/d3}, 
= {0.2/d2,0.8/d3,0.4/d4}, 
= {0.6/d4, 1/ds, 1 / d 6 } .  

Similarity table concerning these three fuzzy 
classes calculated by {2) shows in Table 1 (Note: 
R(P1,P2) = 0.28, but R(P2,P1) = 0.20). On the 

Table 1: Similarity R(X Y) of Partitions 
X\Y P1 p2 P3 

pl 1.00 0.28 0 
p2 0.20 1.00 0.15 
P3 0 0.28 1.00 

other hand, every crisp element of data in D can 
also be represented as fuzzy sets in terms of their 
fuzzy classes by 

( ) (di) 
Pj = (d) . (5) 
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For instance, 

We may consider (P1) as true value of preposi-
tion "if P1 then d1 " or true value of d1 given P1. 
All results are given by: 

= {0.5/P1}, 
= {0.4/ P1, 0.14/ P2}, 
= {0.1/ P1, 0.57 /P2}, 
= {0.29/ P2, 0.23/ P3}, 
= {0.385/ P3}, 
= {0.385/ P3}, 

where the results are also satisfying {9} and {4). 
Finally, similarity table concerning the elements of 
data in domain D is represented in Table 2. 

Table 2: Similarity R(X, Y) of Elements 
X\Y d1 d2 d3 d4 d5 d6 

d1 1.0 0.69 0.15 0.0 0.0 0.0 
d2 0.8 1.0 0.36 0.27 0.0 0.0 
d3 0.2 0.41 1.0 0.56 0.0 0.0 
d4 0.0 0.24 0.43 1.0 0.60 0.60 
d5 0.0 0.0 0.0 0.44 1.0 1.0 
d 6 0.0 0.0 0.0 0.44 1.0 1.0 

Naturally, this may show an interesting concept 
that every element or object will have relation (sim-
ilarity) to the others if they are involved in the 
same groups (classes). They will have stronger re-
lationship (similarity) if they are involved in more 
the same groups (classes). On the other hand, an 
increasing number of elements in a class will re-
duce the degree of relationship (similarity) among 
the element involved in the class. Obviously Ta-
ble 1 and 2 show that degree of similarity between 
two fuzzy and degree of similarity. between two el-
ements of data are not symmetric that is a conse-
quence of membership functions arbitrarily given 
in P1, P2, and P3 where IP2I < |P1| < |P3|, so that 
| d 6 |  = |d5| < ld1l < |d4| < ld2l < |d3|. However, 
it depends on the type of data and application in 
which we may provide the same cardinality of fuzzy 
classes in partition by applying the following equar 
tion (6) instead of (4) in Definition 3. 

n 

LJLP;(dk) =M, Nc, (6) 
k= l 

where 0 < M < n . 
Here, (6) is stronger than (4), or (4) is a generaliza-
tion of (6). In order to distinguish this concept of 
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partition from fuzzy c-partition as defined in Def-
inition 3, the concept may be called fuzzy sym-
metric c-partition, because it provides symmet-
ric property in similarity table. Moreover, fuzzy 
symmetric c-partition may be considered as a basis 
of constructing {fuzzy) proximity relation [2, 6, 17]. 
Clearly, Example 3 is r e c a l l e d  in terms of fuzzy 
symmetric c-partition as follows. 

Example 4 A fuzzy symmetric 3-partition of D 
might be arbitrarily given by: 

= 

Similarity table concerning these three fuzzy classes 
shows in Table 9. Similarly, elements of data in D 

Table 3: Similarity R(X, Y) of Partitions 
X\Y P1 p2 P3 
pl 1.0 0.2 0 
p2 0.2 1.0 0.2 
P3 0 0.2 1.0 

can also be represented as fuzzy sets in terms of 
their partitions as follows: 

= 

= 

= 

Clearly, they are also satisfied {3} and {6}. Finally, 
similarity table concerning elements of data is rep-
resented in Table 4-

Table 4: Similarity R(X, Y) of Elements 
X\Y d1 d2 d3 d4 d5 d6 

dl 1.0 0.8 0.2 0.0 0.0 0.0 
d2 0.8 1.0 0.4 0.2 0.2 0.0 
d3 0.2 0.4 1.0 0.8 0.2 0.0 
d4 0.0 0.2 0.8 1.0 0.4 0.2 
d5 0.0 0.2 0.2 0.4 1.0 0.8 
d 6  0.0 0.0 o:o 0.2 0.8 1.0 

Again, considering the process of partition as shown 
in Definition 5, restriction in (3) shows that fuzzy 
classes in the partition seem to be 'disjoint' in deal-
ing a single element of data. In other words, if 
equality in (3) is changed to be inequality as shown 
in the following_ equation (7) it allows the fuzzy 
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fuzzy c-covering 

fuzzy symmetric c-covering 
fuzzy symmetric c-partition 

fuzzy c-partition 

Figure 2: Fuzzy Partitions and Coverings 

classes to overlap one another in dealing the ele-
ments of data. 

c 

(dk) 1 for all k E Nn. {7) 
i=l 

A single element of data may totally (with the de-
gree of 1} belong to more than one fuzzy class. 
Here, the construction might be called fuzzy cov-
ering instead of fuzzy partition, if we assume that 
fuzzy classes in partition must be disjoint in deal-
ing a single element. Similarly, there are two fuzzy 
covering; fuzzy c-covering is restricted by (4) 
and (7} and fuzzy symmetric c-covering is re-
stricted by {6) and (7). We summarize relation of 
all fuzzy partitions and fuzzy coverings in Figure 2. 
Fuzzy as well as crisp covering play important roles 
in generalization of rough set theory [5, 18). 

4 Fuzzy Thesaurus 
Thesaurus serves to associated entry terms with 
related terms in order to provide associative in-
formation in information retrieval [15]. Gener-
ally, related terms are divided into three categories: 
Broader Terms (BT), Narrower Terms (NT} and 
Related Terms (RT). Terms categorized under BT 
have broader meanings than the entry term. Con-
trary to BT, terms categorized under NT have nar-
rower meanings than the entry term. Terms cate-
gorized under RT have similar meanings that are 
related to the entry term. Some methods have 
been developed and studied for generating the-
saurus such as done by Salton (1971) [16), Larsen 
and Yager (1993) [14], Choi et al. (1998) [4], and 
Tikk et al. (2003) [19). 

Related to fuzzy covering as discussed in the pre-
vious section, we propose an alternative method 
in generating a fuzzy thesaurus based on a crisp 
and fuzzy granularity. The method shows that a 
term has a semantic connection to the other terms 
when they together occur, for example, in the same 
documents as keyword or subject. They will have 
stronger relatioilship if they occur more frequently 
in the same documents. Let P = {P1, ... , Pn} de-
note a finite and non-empty set of documents (i.e., 
papers, articles, etc) and D = {d1, ... , dm} be a 
set of terms (i.e., subjects or keywords). Pi E P 
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regarded as a fuzzy class on D is defined as a map-
ping from D to the closed interval [0,1] character-
ized by a membership function : D [0, 1], 
where P may represent a fuzzy c-covering over D 
as discussed in the previous section. On the other 
hand, by (5}, dj E D could be defined as a fuzzy 
class on P characterized by a membership function 

: P [0, 1) , where D, on the contrary, repre-
sents a fuzzy c-covering over P. Degree of similarity 
between two terms can be calculated by using fuzzy 
conditional probability relation as defined in Def-
inition 4. We then define two kinds of similarity 
classes of a given term d i  in the presence of crisp 
granularity. 

Definition 6 Let D be a non-empty universe of 
terms, and R be a fuzzy conditional probability re-
lation. For any term di E D, and 
are defined as a set of terms that supports d i and a 
set of terms supported by di , respectively by: 

where E [0, 1] . 

{d E D|R(di,d) 
{d E D|R(d, d i )

(8) 
(9) 

( d i )  can also be interpreted as a set of terms that 
is similar to di. On the other hand, can be 
considered as a set of terms to which di is similar. 
Here, and are regarded as two dif-
ferent semantic interpretations of similarity classes 
in providing a crisp granularity of terms. For two 
similarity classes of terms, and the 
complement, intersection and union are defined by: 

{d E D|d 
n = {d E D|d E and dE 
U ={d E Did E or d E 

Similarly, the complement, intersection and union 
can be defined for two similarity classes, P ( di) and 

Obviously, the similarity classes of terms 
satisfy properties of Boolean lattice, for the subsets 
are crisp sets. 

Then, a measure, denoted by ( d i , di), is de-
fined to calculate degree of association between two 
terms, di and dj as follows: 

where | · |  denotes the cardinality of set. Degree of 
association is used to define a fuzzy thesaurus; E 
D, 

= { di ), ,(11) 0, otherwise, 

= { d) , d) ,(12) 0, otherwise. 
) n 

= = (13) 
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By definitions we can obtain some conclusions such 
as: If = and > 
0 then di and have the same range of mean-
ing. If di and dj are not semantically related, then 
.8(di ,dj) = 8(dj,di) = 0. Hence, there are no rela-
tion between d i and dj in· BT, NT and RT. RT 
satisfies symmetric property such as: = 

E D. If = 1, then 
d i  and dj are regarded as synonymous. Similarly, if 

= = 1 then = 
1. If > then di is more 
similar to dj than to dk. If = 1, then 
the concept of di is completely included in the con-
cept of dj. On the other hand, if = 1, 
then the concept of dj is completely included in the 
concept of d i . If > then 
degree of inclusion of the concept of d i in the con-
cept of dj is greater than degree of inclusion of the 
concept of t:4 in the concept of dk . 

Similar to Definition 6, we might define two kinds 
of similarity \classes of a given term di in the pres-
ence of fuzzy granularity. 

Definition 7 Let D be a non-empty universe of 
terms, and R be a fuzzy conditional probability re-
lation. For any term d i E D, S(di) and P(di ) are 
defined as a set of terms that supports d i and a set 
of terms supported by d i , respectively by: 

(d) = R(di, d), Vd E D, (14) 
= R(d,di), Vd E D . (15) 

S( di) can also be interpreted as set of terms that is 
similar to di- On the other hand, ( di) can be con-
sidered as set of terms to which di is similar. Here, 
S(d) and P(d) are regarded as two different seman-
tic interpretations of similarity classes in providing 
a fuzzy granularity of terms. For two similarity 
classes of terms, S(di) and S(dj}, the complement, 
intersection and union are defined by: 

(d) = 1 - (d), (16) 
= (17) , 
= 

Similarly, the complement, intersection and union 
can be defined for two similarity classes, P(di) and 
P(dj). Since in the fuzzy granularity, similarity 
classes of terms are fuzzy sets, obviously some prop-
erties of Boolean lattice are not satisfied such as 
Law of Contradiction and Law of Excluded Mid-
dle. 

Then, in the presence of fuzzy granularity, a mea-
sure that shows degree of a s s o c i a t i o n  between two 
terms, d i and dj, is defined as follows: 

= (19) 

Also, definition ofBT in (11) and NT in (12) might 
be defined by using (19). RT in (13), 
is obtained from (19) by repl.a.cing its denominator, 

l 8 
with 
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5 An Illustrative Example 

Let P = {Pl, P2, ... , P6} be a set of documents (pa-
pers or articles) and D = { d1, d2, ... , ds} be a set of 
terms {keywords or subjects). Also, P is regarded 
as a set of fuzzy classes performing a fuzzy covering 
on D as restricted by (1), such as arbitrarily given 
by: 

P1 = {0.3/d2,0.7/d5, 1/d7, 1/ds}, 
P2 - {1/d2, 0.8/d5, 0.8/d7, 1/ds}, 
P3 = {0.9/dl, 0.9/d3, 1/d4,0.8/d6}, 
P4 {1/dl, 0.5/d3, 0.8/d4, 0.8/d6}, 
P5 = {0.1/d2,0.7/d5, 1/d4, 1/ds}, 
P6 {0.9/d2, 1/ds, 0.8/d4, 1/d8}, 

where i.e., { d 2 )  = 0.3. Degrees of similarity 
relationship between fuzzy classes in P are calcu-
lated using fuzzy conditional probability relation 
in (2) as represented by Table 5. Table 5 shows 

Table 5: Degree of Similarity, R(x, y), for x, y E P 
X \y P1 P2 P3 P4 P5 P6 
Pl 1.00 0.78 0 0 0.64 0.54 
P2 0.93 1.00 0 0 0.64 0.73 
P3 0 0 1.00 0.97 0.36 0.22 
P4 0 0 0.83 1.00 0.29 0.22 
Ps 0.60 0.50 0.28 0.26 1.00 0.70 
P6 0.67 0.75 0.22 0.26 0.93 1.00 

an asymmetric property, for R(p1,p2) = 0.78, but 
R(p2,p1) = 0.93. Also, R(p1,P2) < R(p2,p1) 
means that P2 takes a wider meaning in D than 
P1. 

On the other hand, by using (5), every term in D 
can be represented as a fuzzy class on P as follows. 

dl {0.25/p3, 0.32/p4}, 
d2 = {0.1/pl, 0.28/p2, 0.06/p5, 0.24/p6}, 
d3 = {0.25/p3, 0.16/p4}, 
d4 = {0.28/p3, 0.26/p4, 0.36/p5, 0.27 /P6}, 
d5 = {0.23/p1, 0.22/p2, 0.25/p5, 0.27 /P6}, 
d6 = {0.22/p3 , 0.26/P4}, 
d7 = { 0 . 3 3 / P 1 ,  0.22/P2}, 
ds = {0.33/pl, 0.28/P2, 0.36/p5, 0.27 /P6}-

It can be proved that the above results also sat-
isfy (3) and (4) performing a fuzzy covering on P. 
Similarly, degrees of similarity relationship between 
terms in D can be calculated by (2) as given in Ta-
ble 6. From Table 6, we can construct two asym-
metric similarity classes for every term in the pres-
ence of crisp granularity with 0.5, by us ing  (8) 

Aust. Journal oflnte7/igent Jnfo. Processing Systems 



138 

Table 6: Degree of Similarity, R(x, y), for x, y E D 
X \y d1 d2 d3 d4 ds d6 d7 ds 
d1 1.00 0 1.00 0.44 0 1.00 0 0 
d2 0 1.00 0 0.26 0.64 0 0.58 0.53 
d3 0.72 0 1.00 0.35 0 0.79 0 0 
d4 0.89 0.44 1.00 1.00 0.54 1.00 0 0.51 
ds 0 0.91 0 0.44 1.00 0 0.82 0.86 
dt; 0.84 0 0.93 0.41 0 1.00 0 0 
d7 0 0.47 0 0 0.46 0 1.00 0.49 
ds 0 1.00 0 0.54 1.00 0 1.00 1.00 

and (9): 

So.5(d1) = {dt,d3,d6}, 
Po.5(d1) = { dt, d3, d4, d6}, 
S0.5(d2) {d2,d5,d7,ds}, 
P0.5(d2) = { d 2 , d 5 , d 8 } ,  

S0.5(d3) = {d1,d3,d6}, 
P0.5(d3) = { d1, d3, d4, d6}, 
S0.5(d4) = {d1,d3,d4,d5,d6,d8}, 
P0.5(d4) = {d4,ds}, 
S0.5(d5) = { d2, ds, d1, ds}, 
P0.5(d5) = { d2, d4, d5, ds}, 
S0.5(d6) = {d1, d3, d6}, 
P0.5(d6) = {d1,d3,d4,d6}, 
S0.5(d7) = {d7}, 
P0.5(d7) = { d2, ds, d1, ds}, 
S0.5(ds) = {d2,d4,d5,d7,d8}, 
P0.5(d8) = { d 2 , d 4 , d 5 , d 8 } .  

The associated function in (10) is used to calculate 
degree of association between two terms as shown 
in Table 7. Finally, from Table 7, BT and NT can 

Table7: Degree of Association, forx,y E D 
X \y d1 d2 d3 d4 ds d6 d7 
dl 1.00 0 1.00 0.50 0 1.00 0 
d2 0 1.00 0 0.33 1.00 0 1.00 
d3 1.00 0 1.00 0.50 0 1.00 0 
d4 1.00 0.50 1.00 1.00 0.50 1.00 0 
ds 0 1.00 0 0.33 1.00 0 1.00 
d6 1.00 0 1.00 0.50 0 1.00 0 
d7 0 0.25 0 0 0.25 0 1.00 
ds 0 1.00 0 0.50 1.00 0 1.00 

be generated by using (11) and {12): 

BT(dt) = {1/d1, 1/d3, 1/d4, 1/d6}, 
NT(d1) = {1/dl, 1/d3, 1/d6}, 
B T ( d 2 )  = {1/d2,0.5/d4, 1/d5 , 1/ds}, 
NT(d2) = {1/d2,1/d5,1/d7}, 
BT(d3) = {1/dt, 1/d3, 1/d4, 1/d6}, 
NT(d3) = {1/dt, 1/d3, 1/d6}, 

ds 
0 

0.80 
0 

0.60 
0.80 

0 
0.20 
1.00 

We leave further calculation of BT, NT and RT for 
other relations dE D to the reader. 
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6 Conclusion 
Fuzzy partition as an altemative of constructing 
fuzzy granularity and mostly used in quantization 
and clustering was examined in order to deter-
mine similarity of fuzzy classes (subsets) as re-
sults of the fuzzy partition. Every element, ob-
ject, or whatever will have a relation (similarity) to 
the others because of their association in the same 
groups (classes). In this case, degree of similar-
ity can be approximately calculated corresponding 
to their association in the same groups (classes) 
by using a fuzzy conditional probability relation. 
Related to the symmetric property, we introduced 
fuzzy symmetric c-partition which was considered 
as a special case of fuzzy c-partition as proposed 
in [1, 12]. Fuzzy symmetric c-partition is also re-
garded as a basis of constructing (fuzzy) proximity 
relation [2, 6, 17]. Moreover we also introduced a 
fuzzy covering as a generalization of the fuzzy parti-
tion. Similarly, there are two fuzzy covering; fuzzy 
c-covering and fuzzy symmetric c-covering corre-
sponding to fuzzy c-partition and fuzzy symmetric 
c-partition, respectively. In addition, we then ap-
plied the concept of similarity classes in fuzzy c-
covering for generating a fuzzy thesaurus. Broader 
Terms (BT), Narrower Terms (NT) and Related 
Terms (RT) as usually used in categories of the-
saurus can be defined by a degree of association of 
terms (keywords or subjects). 
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