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1. Introduction 
 

In recent years, many methods have been 
proposed to design fuzzy classification sys-
tems based on the fuzzy set theory [19] for 
dealing with fuzzy classification problems [1, 
2, 4, 7-11, 13, 16-18]. In [1], Chang et al. 
presented a method for generating fuzzy rules 
from numerical data for handling fuzzy clas-
sification problems. In [2], Castro et al. pre-
sented a method to learn maximal structure 
rules in fuzzy logic for handling fuzzy classi-
fication problems. In [4], Chen et al. pre-
sented a method to generate fuzzy rules from 
training data by using genetic algorithms. In 
[7], Hong et al. presented a method for gener-
ating fuzzy rules from training instances 

based on finding relevant attributes and 
membership functions. In [8], Hong et al. 
presented a method for inducing fuzzy rules 
based on processing individual fuzzy attrib-
utes. In [9], Hong et al. presented a method 
for the induction of fuzzy rules and member-
ship functions from training examples. In [10], 
Hong et al. investigated the effect of the 
merging order on performance of fuzzy in-
duction. In [11], Kao et al. presented a method 
for constructing membership functions and 
generating fuzzy rules from training data 
containing noise. In [13], Lin et al. presented 
a method to generate weighted fuzzy rules 
from training instances using genetic algo-
rithms. In [16], Wang et al. presented a fuzzy 
inductive strategy for modular rules. In [17], 
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Wu et al. presented a method for constructing 
membership functions and fuzzy rules from 
training examples. 

In this paper, we present a new method to 
deal with the Iris data [5] classification prob-
lem based on the concept of fuzzy compati-
bility relations for finding the cluster centers 
of the training instances. The proposed 
method can discard useless input attributes, 
thus improving the average classification ac-
curacy rate. It can get a higher average classi-
fication accuracy rate to deal with the Iris data 
classification problem than the existing 
methods. 

The rest of this paper is organized as fol-
lows. In Section 2, we briefly review fuzzy 
sets and fuzzy relations from [12] and [19]. In 
Section 3, we present a new method for deal-
ing with the Iris data classification problem 
based on clustering techniques. In Section 4, 
we use an example to illustrate the proposed 
method. In Section 5, we show the experi-
mental results of the proposed method. The 
conclusions are discussed in Section 6. 
 
2. Fuzzy sets and fuzzy relations  
 

Roughly speaking, a fuzzy set [19] is a set 
with fuzzy boundaries. A fuzzy set A of the 
universe of discourse U, U = {u1, u2, … , un}, 
can be characterized by a membership 
function µA, µA: U [0, 1], where µA(ui) 
indicates the grade of membership of the ele-
ment iu  in the fuzzy set A, µA(ui)∈[0, 1], 
and n    i    1 ≤≤ . A fuzzy set A of the universe 
of discourse U can be represented by 
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where the symbol “+” denotes the union op-
erator and the symbol “/” denotes the separa-
tor. 

 
Definition 2.1: Let A1, A2, … , and An be 
fuzzy sets and let A1 × A2 × … × An be their 
Cartesian product. Then, a n-ary fuzzy rela-

tion R is defined as follows [12]: 
 
R(A1, A2, … , An) ⊂ A1 × A2 × … × An,   (2) 
where 
A1 × A2 × … × An = {(x1, x2, … , xn) | xi  

∈ Ai and 1 ≤ i ≤ n}.  (3) 
The membership function of R(A1, A2, … , An) 
is represented by µR(x1, x2, … , xn), where 
µR(x1, x2, … , xn) ∈ [0, 1] and 1 ≤ i ≤ n. 

Definition 2.2: Assume that A is a fuzzy set. 
A fuzzy relation R(A, A) is reflexive [12] if 
and only if 

,1),( =iiR xxµ  ∀ xi ∈ A.          (4) 

Definition 2.3: Assume that A is a fuzzy set. 
A fuzzy relation R(A, A) is symmetric [12] if 
and only if 

),,(),( xyyx RR µµ =   ∀ x, y ∈ A.   (5) 

If a binary fuzzy relation R is reflexive, sym-
metric, and transitive, then it is called a fuzzy 
equivalence relation [12]. If a binary fuzzy 
relation R is reflexive and symmetric, then it 
is called a compatibility relation [12].  
 
3. A new method for dealing with the Iris 

data classification problem based on 
clustering techniques 

 
In this section, we present a new method to 

deal with the Iris data [5] classification prob-
lem based on the concept of fuzzy compati-
bility relations to find cluster centers from 
training instances, where we can choose n in-
stances from the Iris data as the training data 
set, and let the other instances of the Iris data 
be the testing data set. There are three species 
of flowers in the Iris data (i.e., “Iris-Setosa”, 
“Iris-Versicolor” and “Iris-Virginica”) and 
there are 150 instances in the Iris data, with 
50 instances for each species and each species 
has four input attributes (i.e., Sepal Length 
(SL), Sepal Width (SW), Petal Length (PL) 
and Petal Width (PW)). Assume that there are 
n training instances x1, x2, …, and xn, and as-
sume that the ith training instance xi has m 

(1)
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input attribute values xi1, xi2, …, xim, and one 
output classification yi shown as follows: 

xi = ((xi1, xi2, …, xim), yi), 
where xi, j is the value of the jth input attribute 
Xj of the ith training instance xi  and xi,j is a 
real value; yi is the output classification of the 
output attribute Y of the ith training instance 
xi, where yi ∈{Iris-Setosa, Iris-Versicolor, 
Iris-Virginica}, i = 1, 2, …, n, and j = 1, 2, …, 
m. 

First, we find out the individual domain of 
each input attribute for each type of output 
classification. For each input attribute Xj, 
where 1 ≤ j ≤ 4, we calculate the number of 
training instances for which the values of the 
input attribute Xj falls in the overlapping in-
terval formed by the overlapping of the do-
main values of the input attribute Xj for each 
species of flowers. For example, assume that 
the training instances have three kinds of 
output classifications (i.e., three species of 
flowers), i.e., o1, o2 and o3: 
(1) When the classification is o1: Assume that 

the minimal attribute value and the maxi-
mal attribute value of the input attribute Xj 
of the training instances are 2 cm and 3 
cm, respectively. 

(2) When the classification is o2: Assume that 
the minimal attribute value and the maxi-
mal attribute value of the input attribute Xj 
of the training instances are 4 cm and 6 
cm, respectively. 

(3) When the classification is o3: Assume that 
the minimal attribute value and the maxi-
mal attribute value of the input attribute Xj 
of the training instances are 5 cm and 7 
cm, respectively. 

Then, the domain of the input attribute Xj for 
the classification o1 is [2 cm, 3 cm]; the do-
main of the input attribute Xj for the classifi-
cation o2 is [4 cm, 6 cm]; the domain of the 
input attribute Xj for the classification o3 is [5 
cm, 7 cm]. The distribution of the domain 
values of different output classifications of the 
input attribute Xj is shown in Figure 1. 

2 cm 3 cm

4 cm 6 cm

5 cm 7 cm
 

Figure 1. The distribution of the attribute values of  
different output classifications of the  
input attribute Xj 

 
Then, we can see that 

(i) Because the domain values of the input 
attribute Xj for the output classification 
o1 and the domain values of the input at-
tribute Xj for the output classification o2 
are not overlapping, the overlapping in-
terval is an empty set. The number of 
training instances in which the values of 
the input attribute Xj fall in the overlap-
ping interval is 0. 

(ii) Because the domain values of the input 
attribute Xj for the output classification 
o1 and the domain values of the input at-
tribute Xj for the output classification o3 
are not overlapping, the overlapping in-
terval is an empty set. The number of 
training instances in which the values of 
the input attribute Xj fall in the overlap-
ping interval is 0. 

(iii) Because the domain values of the input 
attribute Xj for the output classification 
o2 and the domain values of the input at-
tribute Xj for the output classification o3 
are overlapping, the overlapping interval 
is [5 cm, 6 cm]. Then, we can calculate 
the number of training instances for 
which the values of the input attribute Xj 
fall in the overlapping interval [5 cm, 6 
cm] formed by the overlapping of the 
intervals [4 cm, 6 cm] and [5 cm, 7 cm]. 

Let n1 denote the number of training instances 
whose values of the input attribute Xj fall in 
the overlapping interval formed by overlap-
ping the domain values of the input attribute 
Xj of the species of flowers “Iris-Setosa” and 
“Iris-Versicolor”, let n2 denote the number of 
training instances whose values of the input 
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attribute Xj fall in the overlapping interval 
formed by overlapping the domain values of 
the input attribute Xj of the species of flowers 
“Iris-Setosa” and “Iris-Virginica”, let n3 de-
note the number of training instances whose 
values of the input attribute Xj fall in the 
overlapping interval formed by overlapping 
the domain values of the input attribute Xj of 
the species of flowers “Iris-Versicolor” and 
“Iris-Virginica”, let z1 denote the number of 
training instances belonging to the species of 
flowers “Iris-Setosa” and “Iris-Versicolor”, let 
z2 denote the number of training instances 
belonging to the species of flowers 
“Iris-Setosa” and “Iris-Virginica”, let z3 de-
note the number of training instances belong-
ing to the species of flowers “Iris-Versicolor” 
and “Iris-Virginica”, and let λ be an overlap-
ping threshold value given by the user, where 

λ∈[0, 1]. If λ>
++
++

321

321

zzz
nnn

, then the in-

put attribute Xj can be discarded. 
In the following, we assume that there is 

a data set X which contains n training in-
stances, and each training instance has m in-
put attribute values. Then, a fuzzy compatibil-
ity relation R on X is defined by 

,12)  ,( ) ,( −= ki xxD
ki xxR  

where xi ∈ X, xk ∈ X, R(xi, xk) ∈ [0, 1], and 
D(xi, xk) is the distance between the training 
instances xi and xk defined as follows: 
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where xi,j denotes the value of the jth input 
attribute Xj of the ith training instance, xk,j 
denotes the value of the jth input attribute Xj 
of the kth training instance, xmax,j denotes the 
maximum attribute value of the jth input at-
tribute Xj of the training instances, xmin,j de-
notes the minimum attribute value of the jth 
input attribute Xj of the training instances and 
m denotes the number of input attributes. For 
the Iris data [5], if an input attribute Xj was 

discarded, then we let µj = 0; otherwise, we 
let µj = 1, where 1 ≤ j ≤ 4. The value of δ de-
notes the number of input attributes which are 
not discarded. We can use formulas (6) and (7) 
to derive the fuzzy compatibility relation R of 
the training instances. Let R(xi, xj) denote the 
fuzzy compatibility value between the 
training instances xi and xj, where R is a fuzzy 
compatibility relation and R(xi, xj) ∈ [0, 1]. 
Let TFCV(xi) denote the total fuzzy compati-
bility value of the training instance xi, where 

TFCV(xi) = ∑
=

n

j
ji xxR

1

*),( , where if R(xi, xj) 

≥ α, then let R(xi, xj)* = R(xi, xj); if R(xi, xj) ≤ 
β, then let R(xi, xj)* = 1 - R(xi, xj); if β < R(xi, 
xj) < α, then let R(xi, xj)* = 0, where α and β 
are the upper bound and the lower bound 
threshold values given by the user, and 0 ≤ β 
≤ α ≤ 1. The proposed method for handling 
the Iris data classification problem is pre-
sented as follows: 
 
Step 1: Find the maximum attribute value and 
the minimum attribute value for each input 
attribute of each species of flowers from the 
training data set. 
 
Step 2: For each input attribute, calculate the 
number of training instances that falls in each 
interval formed by the overlapping of each 
pair of species of flowers. 
 
Step 3: Let n1 denote the number of training 
instances whose values of the input attribute 
Xj fall in the overlapping interval formed by 
overlapping the domain values of the input 
attribute Xj of the species of flowers 
“Iris-Setosa” and “Iris-Versicolor”, let n2 de-
note the number of training instances whose 
values of the input attribute Xj fall in the 
overlapping interval formed by overlapping 
the domain values of the input attribute Xj of 
the species of flowers “Iris-Setosa” and 
“Iris-Virginica”, let n3 denote the number of 
training instances whose values of the input 
attribute Xj fall in the overlapping interval 

(6) 

(7) 
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formed by overlapping the domain values of 
the input attribute Xj of the species of flowers 
“Iris-Versicolor” and “Iris-Virginica”, let z1 
denote the number of training instances be-
longing to the species of flowers “Iris-Setosa” 
and “Iris-Versicolor”, let z2 denote the number 
of training instances belonging to the species 
of flowers “Iris-Setosa” and “Iris-Virginica”, 
let z3 denote the number of training instances 
belonging to the species of flowers 
“Iris-Versicolor” and “Iris-Virginica”, and let 
λ be an overlapping threshold value given by 
the user, where λ∈[0, 1]. 

For each input attribute Xj, where 1 ≤ j ≤ 
4 do 

if λ>
++
++

321

321

zzz
nnn

, where λ is an 

overlapping threshold value given 
by the user 

then discard the input attribute Xj 
end. 

 
Step 4: Based on formula (7), calculate the 
distance D(xi, xk) between each pair of train-
ing instances xi and xk in the training data set. 
 
Step 5: Based on formula (6), derive the fuzzy 
compatibility relation R of the training in-
stances. 
 
Step 6: For i = 1 to n do 

;0)( =ixTFCV  
end; 
for i = 1 to n do 

for j = 1 to n do 
if R(xi, xj) ≥ α, where α is the 

upper bound threshold value 
given by the user and α ∈ [0, 
1] 

then let 
),()()( jiii xxRxTFCVxTFCV += ; 

if R(xi, xj) ≤ β, where β is the 
lower bound threshold value 
given by the user and β ∈ [0, 
1] 

then let 
)),(1()()( jiii xxRxTFCVxTFCV −+= ; 

if β < R(xi, xj) < α then let 
0)()( += ii xTFCVxTFCV  

end 
end. 

 
Step 7: For each species of flower do 

while there are training instances 
for the species of flower that 
have not been marked do 

begin 
let the training instance 
which has a maximum total 
fuzzy compatibility value be 
a cluster center for the spe-
cies of flower; 
if the fuzzy compatibility 

value between this gen-
erated cluster center and 
any training instance xk 
in the training data set is 
larger than the level 
threshold value γ given 
by the user, whereγ∈[0, 
1] 

then mark this training in-
stance xk from the trai- 
ning data set, where 
1 ≤ k ≤ n. In this situa-
tion, if the number of 
marked training in-
stances in the training 
data set is less than 5 
percent of the number 
of training instances, 
then this cluster center 
can not be used, and 
we free the marked 
training instances (i.e., 
unmark the marked 
training instances) ex-
cept this cluster center 

end 
end. 
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Then, based on the generated cluster 
centers of the training instances, we can clas-
sify the testing instances described as follows. 
Assume that xa, xb, … , and xz are the cluster 
centers of the training instances, then 
For each testing instance xk in the testing data 
set do 

if the testing instance xk has the largest 
fuzzy compatibility value R(xk, xp) re-
garding the cluster center xp, where p ∈ 
{a, b, … , z} 

then the testing instance xk is classified 
into the same species of flower of the 
training instance xp, where p ∈ {a, 
b, … , z} 

end. 
 

4. An example 
 

In this section, we apply the proposed algo-
rithm to deal with the Iris data [5] classifica-
tion problem. For simple illustration, we ran-
domly choose 15 instances from the Iris data 
as the training data set and the testing data set. 
Assume that the chosen instances are as 
shown in Table 1 and assume that the upper 
bound threshold value α, the lower bound 
threshold value β, the level threshold value 
γ  and the overlapping threshold value λ 
given by the user are 0.5, 0.2, 0.7 and 0.2, re-
spectively, i.e., α = 0.5, β = 0.2, γ = 0.7 

and λ = 0.2. 
In the following, we use x1, x2, …, and x15 

to represent the training instances shown in 
Table 1, where x1 = ((5.1 cm, 3.5 cm, 1.4 cm, 
0.2 cm), 1), x2 = ((4.9 cm, 3.0 cm, 1.4 cm, 0.2 
cm), 1), x3 = ((4.7 cm, 3.2 cm, 1.3 cm, 0.2 
cm), 1), x4 = ((4.6 cm, 3.1 cm, 1.5 cm, 0.2 
cm), 1), x5 = ((5.0 cm, 3.6 cm, 1.4 cm, 0.2 
cm), 1), x6 = ((7.0 cm, 3.2 cm, 4.7 cm, 1.4 
cm), 2), x7 = ((6.4 cm, 3.2 cm, 4.5 cm, 1.5 
cm), 2), x8 = ((6.9 cm, 3.1 cm, 4.9 cm, 1.5 
cm), 2), x9 = ((5.5 cm, 2.3 cm, 4.0 cm, 1.3 
cm), 2) x10 = ((6.5 cm, 2.8 cm, 4.6 cm, 1.5 
cm), 2), x11 = ((6.3 cm, 3.3 cm, 6.0 cm, 2.5 
cm), 3), x12 = ((5.8 cm, 2.7 cm, 5.1 cm, 2.5 
cm), 3), x13 = ((7.1 cm, 3.0 cm, 5.9 cm, 2.1 
cm), 3), x14 = ((6.3 cm, 2.9 cm, 5.6 cm, 1.8 
cm), 3), x15 = ((6.5 cm, 3.0 cm, 5.8 cm, 2.2 
cm), 3). The output attribute value “1” de-
notes that the species of flower is 
“Iris-Setosa”, the output attribute value “2” 
denotes that the species of flower is 
“Iris-Versicolor”, and the output attribute 
value “3” denotes that the species of flower is 
“Iris-Virginica”. 
 
[Step 1] Based on Table 1, we can find the 
maximum attribute value and the minimum 
attribute value for each input attribute of each 
species of flowers as shown in Table 2.

 
 

Table 1. A small training data set 
Iris-Setosa Iris-Versicolor Iris-Virginica 

SL SW PL PW Output SL SW PL PW Output SL SW PL PW Output
5.1 cm 3.5 cm 1.4 cm 0.2 cm 1 7.0 cm 3.2 cm 4.7 cm 1.4 cm 2 6.3 cm 3.3 cm 6.0 cm 2.5 cm 3 

4.9 cm 3.0 cm 1.4 cm 0.2 cm 1 6.4 cm 3.2 cm 4.5 cm 1.5 cm 2 5.8 cm 2.7 cm 5.1 cm 1.9 cm 3 

4.7 cm 3.2 cm 1.3 cm 0.2 cm 1 6.9 cm 3.1 cm 4.9 cm 1.5 cm 2 7.1 cm 3.0 cm 5.9 cm 2.1 cm 3 

4.6 cm 3.1 cm 1.5 cm 0.2 cm 1 5.5 cm 2.3 cm 4.0 cm 1.3 cm 2 6.3 cm 2.9 cm 5.6 cm 1.8 cm 3 

5.0 cm 3.6 cm 1.4 cm 0.2 cm 1 6.5 cm 2.8 cm 4.6 cm 1.5 cm 2 6.5 cm 3.0 cm 5.8 cm 2.2 cm 3 

 
[Step 2] For the input attribute “Sepal Length” shown in Table 2, we can see that 
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(1) When the species of flower is “Iris Se-
tosa”: The minimum attribute value of the 
input attribute “Sepal Length” is 4.6 cm 
and the maximum attribute value of the 
input attribute “Sepal Length” is 5.1 cm. 

 
(2) When the species of flower is 

“Iris-Versicolor”: The minimum attribute 
value of the input attribute “Sepal Length” 
is 5.5 cm and the maximum attribute 
value of the input attribute “Sepal Length” 
is 7.0 cm. 

 
(3) When the species of flower is 

“Iris-Virginica”: The minimum attribute 
value of the input attribute “Sepal Length” 
is 5.8 cm and the maximum attribute 
value of the input attribute “Sepal Length” 
is 7.1 cm. 

(4) Because the domain values of the input 

attribute “Sepal Length” for the species of 
flower “Iris-Setosa” and the domain val-
ues of the input attribute “Sepal Length” 
for the species of flower “Iris-Versicolor” 
are not overlapping, the overlapping in-
terval is an empty set. The number of 
training instances whose values of the in-
put attribute “Sepal Length” fall in the 
overlapping interval is 0. 

 
(5) Because the domain values of the input 

attribute “Sepal Length” for the species of 
flower “Iris-Setosa” and the domain val-
ues of the input attribute “Sepal Length” 
for the species of flower “Iris-Virginica” 
is not overlapping, the overlapping inter-
val is an empty set. The number of train-
ing instances whose values of the input 
attribute “Sepal Length” fall in the over-
lapping interval is 0. 

 
 
 

Table 2. Minimum attribute values and maximum attribute values for different species of flowers of the 
training data set 

Species Input attribute Minimum attribute value Maximum attribute value 

Sepal Length (SL) 4.6 cm 5.1 cm 

Sepal Width (SW) 3.0 cm 3.6 cm 

Petal Length (PL) 1.3 cm 1.5 cm 

Iris-Setosa 

Petal Width (PW) 0.2 cm 0.2 cm 

Sepal Length (SL) 5.5 cm 7.0 cm 

Sepal Width (SW) 2.3 cm 3.1 cm 

Petal Length (PL) 4.0 cm 4.9 cm 

Iris-Versicolor 

Petal Width (PW) 1.3 cm 1.5 cm 

Sepal Length (SL) 5.8 cm 7.1 cm 

Sepal Width (SW) 2.7 cm 3.3 cm 

Petal Length (PL) 5.1 cm 6.0 cm 

Iris-Virginica 

Petal Width (PW) 1.8 cm 2.5 cm 
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4.6 cm 5.1 cm

5.5 cm 7.0 cm

5.8 cm 7.1 cm
 

Figure 2. The distribution of the domain values of 
the different species of flowers for the 
attribute “Sepal Length” 

 
(6) Because the domain values of the input 

attribute “Sepal Length” for the species of 
flower “Iris-Versicolor” and the domain 
values of the input attribute “Sepal 
Length” for the species of flower 
“Iris-Virginica” are overlapping, the over-
lapping interval is [5.8 cm, 7.0 cm]. Then, 
we can calculate the number of training 
instances whose values of the input attrib-
ute “Sepal Length” fall in the overlapping 
interval [5.8 cm, 7.0 cm]. From Table 1, 
we can see that the number of training in-
stances whose values of the input attribute 
“Sepal Length” fall in the overlapping in-
terval [5.8 cm, 7.0 cm] is 8. 

  
In the same way, we can calculate the 

number of training instances whose values of 
each input attribute fall in the overlapping in-
terval formed by each pair of species of flow-
ers as shown in Table 3. 
 
[Step 3] From Table 3, we can see that the 
number of training instances whose values of 
the input attribute “Sepal Length” fall in the 
overlapping interval formed by the values of 
the input attribute “Sepal Length” for the spe-
cies of flower “Iris-Setosa” and the values of 
the input attribute “Sepal Length” for the spe-
cies of flower “Iris-Versicolor” is 0; the num-
ber of training instances whose values of the 
input attribute “Sepal Length” fall in the 
overlapping interval formed by the values of 
the input attribute “Sepal Length” for the spe-
cies of flower “Iris-Setosa” and the values of 
the input attribute “Sepal Length” for the spe-

cies of flower “Iris-Virginica” is 0; the num-
ber of training instances whose values of the 
input attribute “Sepal Length” fall in the over-
lapping interval formed by the values of the 
input attribute “Sepal Length” for the species 
of flower “Iris-Versicolor” and the values of 
the input attribute “Sepal Length” for the 
species of flower “Iris-Virginica” is 8. From 
Table 1, we can see that 5 training instances 
belong to the species of flower “Iris-Setosa”; 
5 training instances belong to the species of 
flower “Iris-Versicolor”. Thus, the number of 
training instances belonging to the pair of 
species of flower “Iris-Setosa and 
Iris-Versicolor” is 10. Furthermore, we can 
see that 5 training instances belong to the 
species of flower “Iris-Setosa”; 5 training in-
stances belong to the species of flower 
“Iris-Virginica”. Thus, the number of training 
instances belonging to the pair of species of 
flower “Iris-Setosa and Iris-Virginica” is 10. 
Finally, we can see that 5 training instances 
belong to the species of flower 
“Iris-Versicolor”; 5 training instances belong 
to the species of flower “Iris-Virginica”. Thus, 
the number of training instances belonging to 
the pair of species of flower “Iris-Versicolor 
and Iris-Virginica” is 10. Therefore, we can 
get (0 + 0 + 8) / (10 + 10 + 10) = 8/30 = 0.27.  
Because the overlapping threshold value 
given by the user is 0.2, the input attribute 
“Sepal Length” is discarded. In the same way, 
we can see that the input attribute “Sepal 
Width” is discarded; the input attribute “Petal 
Length” is used; the input attribute “Petal 
Width” is used. 
 
[Step 4]  Because m = 4, µ1 = 0, µ2 = 0, µ3 = 
1, µ4 = 1, δ = 2, xmax,1 = 7.1, xmin,1 = 4.6, xmax,2 
= 3.6, xmin,2 = 2.3, xmax,3 = 6.0, xmin,3 = 1.3, 
xmax,4 = 2.5, xmin,4 = 0.2 and based on formula 
(7), we can calculate the distance D(xi, xk) 
between each pair of training instances xi and 
xk in the training data set. For example, we 
can use formula (7) to calculate the distance 
D(x1, x6) between the first training instance x1 
and the sixth training instance x6 of Table 1, 
where x1 = ((5.1 cm, 3.5 cm, 1.4 cm, 0.2 cm), 
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1) and x6 = ((7.0 cm, 3.2 cm, 4.7 cm, 1.4 cm),2), shown as follows: 
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Table 3. The number of training instances that overlap between each species of flowers 

Input attribute Pair of species of flowers Number of training instances falls in 
the overlapping interval 

Iris-Setosa and Iris-Versicolor 0 
Iris-Setosa and Iris-Virginica 0 

Sepal Length (SL) 

Iris-Versicolor and Iris-Virginica 8 
Iris-Setosa and Iris-Versicolor 3 
Iris-Setosa and Iris-Virginica 6 

Sepal Width (SW) 

Iris-Versicolor and Iris-Virginica 6 
Iris-Setosa and Iris-Versicolor 0 
Iris-Setosa and Iris-Virginica 0 

Petal Length (PL) 

Iris-Versicolor and Iris-Virginica 0 
Iris-Setosa and Iris-Versicolor 0 
Iris-Setosa and Iris-Virginica 0 

Petal Width (PW) 

Iris-Versicolor and Iris-Virginica 0 
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In the same way, we can use formula (7) to 
calculate the distance D(xi, xk) between each 
pair of training instances xi and xk, where 1 ≤ 
i ≤ 15 and 1 ≤ k ≤ 15, as shown in Table 4. 
 
[Step 5] Based on formula (6), we can derive 
the fuzzy compatibility relation R from the 
 
training instances. For example, we can use 
formula (6) to calculate the fuzzy compatibil-
ity relation R (x1, x6) between the first train-
ing instance x1 and the sixth training instance 
x6, where x1 = ((5.1 cm, 3.5 cm, 1.4 cm, 0.2 
cm), 1) and x6 = ((7.0 cm, 3.2 cm, 4.7 cm, 1.4 
cm), 2), shown as follows: 

,31.0
12

12)  ,(
39.0

) ,(
61

61

=
−=

−= xxDxxR
 

where D (x1, x6) = 0.39 is obtained from Step 
4. 

In the same way, we can use formula (6) to 

calculate the fuzzy compatibility value R (xi, 
xk) between each pair of training instances xi 
and xk, where 1≤ i ≤ 15 and 1≤ k ≤ 15, as 
shown in Table 5. 
 
[Step 6] Because the upper bound threshold 
value α and the lower bound threshold value 
β given by the user are 0.5 and 0.2, respec-
tively, based on Table 5, the total fuzzy com-
patibility value TFCV(xi) of each training in-
stance xi, where 1≤ i ≤ 15, can be obtained, 
shown as follows: 
 
    TFCV(x1) = 9.50,  TFCV(x2) = 9.48, 

TFCV(x3) = 9.48,  TFCV(x4) = 9.40, 
TFCV(x5) = 9.48,  TFCV(x6) = 8.09, 
TFCV(x7) = 8.13,  TFCV(x8) = 8.29, 
TFCV(x9) = 6.82,  TFCV(x10) = 8.20, 
TFCV(x11) = 11.39, TFCV(x12) = 12.32, 
TFCV(x13) = 12.33, TFCV(x14) = 12.37, 
TFCV(x15) = 12.39.

 
 

Table 4. Distance between each pair of training instances 

 x1 x2 x3 x4 x5 x6 x7 x8 x9 X10 x11 x12 x13 x14 x15 
x1 1 1.00 0.99 0.99 1.00 0.39 0.39 0.35 0.48 0.38 0.01 0.24 0.11 0.21 0.10 
x2 1.00 1 0.99 0.99 1.00 0.39 0.39 0.35 0.49 0.38 0.01 0.24 0.11 0.21 0.10 
x3 0.99 0.99 1 0.98 0.99 0.38 0.38 0.33 0.47 0.37 0.00 0.28 0.10 0.19 0.09 
x4 0.99 0.99 0.98 1 0.99 0.40 0.40 0.36 0.49 0.39 0.02 0.25 0.12 0.22 0.11 
x5 1.00 1.00 0.99 0.99 1 0.39 0.39 0.35 0.48 0.38 0.01 0.24 0.11 0.21 0.10 
x6 0.39 0.39 0.38 0.40 0.39 1 0.96 0.96 0.90 0.97 0.62 0.85 0.72 0.82 0.71 
x7 0.39 0.39 0.38 0.40 0.39 0.96 1 0.96 0.90 0.99 0.62 0.85 0.72 0.82 0.71 
x8 0.35 0.35 0.33 0.36 0.35 0.96 0.96 1 0.86 0.97 0.67 0.89 0.76 0.86 0.75 
x9 0.48 0.48 0.47 0.49 0.48 0.90 0.90 0.86 1 0.89 0.53 0.75 0.62 0.72 0.61 
x10 0.38 0.38 0.37 0.39 0.38 0.97 0.99 0.97 0.89 1 0.63 0.86 0.73 0.83 0.72 
x11 0.01 0.01 0.00 0.02 0.01 0.62 0.62 0.67 0.53 0.63 1 0.77 0.90 0.81 0.91 
x12 0.24 0.24 0.28 0.25 0.24 0.85 0.85 0.89 0.75 0.86 0.77 1 0.87 0.93 0.86 
x13 0.11 0.11 0.10 0.12 0.11 0.72 0.72 0.76 0.62 0.73 0.90 0.87 1 0.90 0.97 
x14 0.21 0.21 0.19 0.22 0.21 0.82 0.82 0.86 0.72 0.83 0.81 0.93 0.90 1 0.89 
x15 0.10 0.10 0.09 0.11 0.10 0.71 0.71 0.75 0.61 0.72 0.91 0.86 0.97 0.89 1 

 
[Step 7] For the species of flower “Iris-Setosa”, because TFCV(x1) has the larg-
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est value among the values of TFCV(x1), 
TFCV(x2), … , and TFCV(x5), the system lets 
the training instance x1 be a cluster center, 
where x1 = ((5.1 cm, 3.5 cm, 1.4 cm, 0.2 cm), 
1). Because the values of R(x1, x1), R(x1, x2), 
R(x1, x3), R(x1, x4) and R(x1, x5) are larger 
than the level threshold value 0.7 given by the 
user, the system marks the training instances 
x1, x2, x3, x4 and x5 from the training data set. 
Because all of the training instances for the 
species of flower “Iris-Setosa” in the training 
data set have been marked, we can see that the 
training instance x1 is the cluster center of the 
training instances for the species of flower 
“Iris-Setosa”. 

For the species of flower “Iris-Versicolor”, 
because TFCV(x8) has the largest value 
among the values of TFCV(x6), 
TFCV(x7), … , and TFCV(x10), the system 
lets the training instance x8 be a cluster center, 
where x8 = ((6.9 cm, 3.1 cm, 4.9 cm, 1.5 cm), 
2). Because the values of R(x8, x6), R(x8, x7), 
R(x8, x8), R(x8, x9) and R(x8, x10) are larger 
than the level threshold value 0.7 given by the 
user, the system marks the training instances 
x6, x7, x8, x9 and x10 from the training data set. 
Because all of the training instances for the 
species of flower “Iris-Versicolor” in the 
training data set have been marked, we can 
see that the training instance x8 is the cluster 
center of the training instances for the species 
of flower “Iris-Versicolor”. 

For the species of flower “Iris-Virginica”, 
because TFCV(x14) has the largest value 
among the values of TFCV(x11), 
TFCV(x12), … , and TFCV(x15), the system 
lets the training instance x14 be a cluster cen-
ter, where x14 = ((6.3 cm, 2.9 cm, 5.6 cm, 1.8 
cm), 3). Because the values of R(x14, x11), 
R(x14, x12), R(x14, x13), R(x14, x14) and R(x14, 
x15) are larger than the level threshold value 
0.7 given by the user, the system marks the 
training instances x11, x12, x13, x14 and x15 
from the training data set. Because all of the 
training instances for the species of flower 
“Iris-Virginica” in the training data set have 

been marked, we can see that the training in-
stance x14 is the cluster center of the training 
instances for the species of flower 
“Iris-Virginica”. 

In summary, because all of the training in-
stances in the training data set have been 
marked, we can see that the training instances 
x1, x8 and x14 are the cluster centers of the 
training instances. It should be noted that if 
the number of training instances in a cluster is 
less than 5 percent of the number of training 
instances, the cluster center will not be used 
as the cluster centers of the training instances. 
Because there are 15 training instances, 
therefore, if the number of training instances 
in a cluster is less than 1 instance, the cluster 
center will not be used as the cluster center of 
the training instances. Therefore, each gener-
ated cluster center contains five training in-
stances, the cluster centers x1, x8 and x14 will 
be used as the cluster centers of the training 
instances. 

Then, based on the generated cluster cen-
ters x1, x8 and x14, we can classify the testing 
instances shown in Table 1 as follows: 
 
(i) Based on Table 5, we can find the largest 
fuzzy compatibility value between the testing 
instance x1 and the cluster centers x1, x8, x14, 
where x1 = ((5.1 cm, 3.5 cm, 1.4 cm, 0.2 cm), 
y1), x1 = ((5.1 cm, 3.5 cm, 1.4 cm, 0.2 cm), 1), 
x8 = ((6.9 cm, 3.1 cm, 4.9 cm, 1.5 cm), 2) and 
x14 = ((6.3 cm, 2.9 cm, 5.6 cm, 1.8 cm), 3). 
From Table 5, we can see that R(x1, x1) = 1, 
R(x1, x8) = 0.27, R(x1, x14) = 0.15, where R(x1, 
x1) is the largest fuzzy compatibility value 
among them. Thus, the testing instance x1 is 
in the same cluster as the cluster center x1. 
That is, the classification result of the testing 
instance x1 is belonging to “Iris-Setosa”. 
 
(ii) Based on Table 5, we can find the largest 
fuzzy compatibility value between the testing 
instance x2 and the cluster centers x1, x8, x14, 
where x2 = ((4.9 cm, 3.0 cm, 1.4 cm, 0.2 cm), 
y2), x1 = ((5.1 cm, 3.5 cm, 1.4 cm, 0.2 cm), 1), 
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x8 = ((6.9 cm, 3.1 cm, 4.9 cm, 1.5 cm), 2) and 
x14 = ((6.3 cm, 2.9 cm, 5.6 cm, 1.8 cm), 3).  
 
(iii) From Table 5, we can see that R(x2, x1) 
= 1, R(x2, x8) = 0.27 and R(x2, x14) = 0.15, 
where R(x2, x1) is the largest fuzzy compati-
bility value among them. Thus, the testing 
instance x2 is in the same cluster as the cluster 
center x1. That is, the classification result of 
the testing instance x2 is belonging to 
“Iris-Setosa”. 

. . . 
(xiii) Based on Table 5, we can find the larg-
est fuzzy compatibility value between the 
testing instance x13 and the cluster centers x1, 
x8, x14, where x13 = ((7.1 cm, 3.0 cm, 5.9 cm, 
2.1 cm), y13), x1 = ((5.1 cm, 3.5 cm, 1.4 cm, 
0.2 cm), 1), x8 = ((6.9 cm, 3.1 cm, 4.9 cm, 1.5 
cm), 2) and x14 = ((6.3 cm, 2.9 cm, 5.6 cm, 
1.8 cm), 3). From Table 5, we can see that 
R(x13, x1) = 0.07, R(x13, x8) = 0.70 and R(x13, 
x14) = 0.87, where R(x13, x14) is the largest 

fuzzy compatibility value among them. Thus, 
the testing instance x13 is in the same cluster 
as cluster center x14. That is, the classification 
result of the testing instance x13 is belonging 
to “Iris-Virginica”. 
 
(xiv) Based on Table 5, we can find the larg 
est fuzzy compatibility value between the 
testing instance x14 and the cluster centers x1, 
x8, x14, where x14 = ((6.3 cm, 2.9 cm, 5.6 cm, 
1.8 cm), y14), x1 = ((5.1 cm, 3.5 cm, 1.4 cm, 
0.2 cm), 1), x8 = ((6.9 cm, 3.1 cm, 4.9 cm, 1.5 
cm), 2) and x14 = ((6.3 cm, 2.9 cm, 5.6 cm, 
1.8 cm), 3). From Table 5, we can see that 
R(x14, x1) = 0.15, R(x14, x8) = 0.82 and R(x14, 
x14) = 1, where R(x14, x14) is the largest fuzzy 
compatibility value among them. Thus, the 
testing instance x14 is in the same cluster as 
the cluster center x14. That is, the classifica-
tion result of the testing instance x14 is be-
longing to “Iris-Virginica”.  

Table 5. Fuzzy compatibility relation between each pair of training instances 

 x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 x13 x14 x15 

x1 1 1.00 0.99 0.99 1.00 0.31 0.31 0.27 0.40 0.30 0.01 0.18 0.07 0.15 0.07 

x2 1.00 1 0.99 0.99 1.00 0.31 0.31 0.27 0.40 0.30 0.01 0.18 0.07 0.15 0.07 

x3 0.99 0.99 1 0.97 0.99 0.30 0.30 0.26 0.39 0.29 0.00 0.17 0.07 0.14 0.06 

x4 0.99 0.99 0.97 1 0.99 0.32 0.32 0.28 0.41 0.31 0.02 0.19 0.09 0.14 0.08 

x5 1.00 1.00 0.99 0.99 1 0.31 0.31 0.27 0.40 0.30 0.01 0.18 0.08 0.15 0.07 

x6 0.31 0.31 0.30 0.32 0.31 1 0.94 0.94 0.87 0.96 0.54 0.80 0.65 0.76 0.63 

x7 0.31 0.31 0.30 0.32 0.31 0.94 1 0.94 0.87 0.99 0.54 0.80 0.65 0.76 0.64 

x8 0.27 0.27 0.26 0.28 0.27 0.94 0.94 1 0.82 0.96 0.59 0.86 0.70 0.82 0.68 

x9 0.40 0.40 0.39 0.41 0.40 0.87 0.87 0.82 1 0.86 0.44 0.68 0.54 0.65 0.53 

x10 0.30 0.30 0.29 0.31 0.30 0.96 0.99 0.96 0.86 1 0.55 0.81 0.66 0.78 0.65 

x11 0.01 0.01 0.00 0.02 0.01 0.54 0.54 0.59 0.44 0.55 1 0.71 0.87 0.75 0.88 

x12 0.18 0.18 0.17 0.19 0.18 0.80 0.80 0.86 0.68 0.81 0.71 1 0.83 0.90 0.82 

x13 0.07 0.07 0.07 0.09 0.08 0.65 0.65 0.70 0.54 0.66 0.87 0.83 1 0.87 0.96 

x14 0.15 0.15 0.14 0.16 0.15 0.76 0.76 0.82 0.65 0.78 0.75 0.90 0.87 1 0.86 

x15 0.07 0.07 0.06 0.08 0.07 0.63 0.64 0.68 0.53 0.65 0.88 0.82 0.96 0.86 1 
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(xv) Based on Table 5, we can find the larg-
est fuzzy compatibility value between 
the testing instance x15 and the cluster 
centers x1, x8, x14, where x15 = ((6.5 cm, 
3.0 cm, 5.8 cm, 2.2 cm), y15), x1 = ((5.1 
cm, 3.5 cm, 1.4 cm, 0.2 cm), 1), x8 = 
((6.9 cm, 3.1 cm, 4.9 cm, 1.5 cm), 2) 
and x14 = ((6.3 cm, 2.9 cm, 5.6 cm, 1.8 
cm), 3). 

From Table 5, we can see that R(x15, x1) = 
0.07, R(x15, x8) = 0.68 and R(x15, x14) = 0.86, 
where R(x15, x14) is the largest fuzzy com-
patibility value among them. Thus, the testing 
instance x15 is in the same cluster as cluster 
center x14. That is, the classification result of 
the testing instance x15 is belonging to 
“Iris-Virginica”. 
 

In summary, the classification results of 
this illustrate example are as follows: 
Cluster 1(Iris-Setosa) = {x1, x2, x3, x4, x5}, 
Cluster Center = x1; 
Cluster 2(Iris-Versicolor) = {x6, x7, x8, x9, 
x10}, Cluster Center = x8; 
Cluster 3(Iris-Virginica) = {x11, x12, x13, x14, 
x15}, Cluster Center = x14. 
From Table 1, we can see that the classifica-
tion accuracy rate of this example is 100%. 
 
5. Experimental results 
 

Based on the proposed algorithm, we have 
Implemented a program on a Pentium 4 PC 
by using Visual Basic Version 6.0 to deal with 
the Iris data classification problem. Let us 
consider the following cases: 
 
Case 1: The training data set contains 150 
training instances (i.e., the whole Iris data set) 
and the testing data set is equal to the training 
data set containing the same 150 training in-
stances. After executing the program 200 
times, the average classification accuracy rate 
is 97.33%, where the upper bound threshold 
value α = 0.8, the lower bound threshold 
value β = 0.1, the level threshold value γ = 0.7, 
and the overlapping threshold value λ = 0.2. 

Case 2: The system randomly chooses 120 
instances from the Iris data as the training 
data set and lets other 30 instances of the Iris 
data be the testing data set. After executing 
the program 200 times, the average classifica-
tion accuracy rate is 96.65%, where the upper 
bound threshold value α = 0.6, the lower 
bound threshold value β = 0.1, the level 
threshold value γ = 0.9, and the overlapping 
threshold value λ = 0.2. 
 
Case 3: The system randomly chooses 75 in-
stances from the Iris data as the training data 
set and lets the other 75 instances of the Iris 
data be the testing data set. After executing 
the program 200 times, the average classifica-
tion accuracy rate is 96.24%, where the upper 
bound threshold value α = 0.5, the lower 
bound threshold value β = 0.2, the level 
threshold value γ = 0.7, and the overlapping 
threshold value λ = 0.2. 

A comparison of the average classification 
accuracy rate of the proposed method with 
that of Hong-and-Chen’s method [8], Hong- 
and-Lee’s method [9], Hong-and-Lee’s meth- 
od [10], Wang’s method [16], Wu-and-Chen’s 
method [17], Chang-and-Chen’s method [1] 
and Castro’s method [2] is shown in Table 6. 
 
6. Conclusions 
 

In this paper, we have presented a new 
method to deal with the Iris data [5] classifi-
cation problem based on the concept of fuzzy 
compatibility relations to find the cluster cen-
ters of the training instances. From Table 6, 
we can see that the proposed method is better 
than the existing methods due to the fact that 
it can get a higher average classification ac-
curacy rate to deal with the Iris data classifi-
cation problem than the existing methods. The 
proposed method also can be generalized to 
deal with other classification problems. In this 
paper, the upper bound threshold value α, the 
lower bound threshold value β, the level 
threshold value γ and the overlapping thresh-
old value λ are given by the user, where α ∈ 
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[0, 1], β∈ [0, 1], γ ∈ [0, 1] and λ∈ [0, 1]. In 
the future, we will develop an automatic 
learning mechanism to automatically derive 

the optimal values of α, β, γ and λ to get a 
higher average classification accuracy rate for 
dealing with fuzzy classification problems.

  

 Table 6. A Comparison of the average classification accuracy rate for different methods 

Methods Average classification 
accuracy rate 

Hong-and-Lee's method [9] (Training Data Set: 75 Instances; Testing Data Set: 75 
Instances; Executing 200 Times) 95.57% 

Hong-and-Lee's method [10] (Training Data Set: 75 Instances; Testing Data Set:  75 
Instances; Executing 200 Times) 95.57% 

Chang-and-Chen’s method [1] (Training Data Set: 75 Instances; Testing Data Set: 75 
Instances; Executing 200 Times) 96.07% 

Wu-and-Chen's method [17] (Training Data set: 75 Instances; Testing Data Set: 75 
Instances; Executing 200 Times) 96.21% 

The Proposed method (Training Data Set: 75 Instances; Testing Data Set: 75 In-
stances; Executing 200 Times; The Upper Bound Threshold Value α = 0.5; The Lower 
Bound Threshold Value β = 0.2; The Level Threshold Value γ = 0.7; The Overlapping 
Threshold Value λ = 0.2) 

96.24% 

Castro's et al. method [2] (Training Data Set: 120 Instances; Testing Data Set: 30 In-
stances; Executing 10 Times) 96.60% 

The Proposed method (Training Data set: 120 Instances; Testing Data set: 30 In-
stances; Executing 200 Times; The Upper Bound Threshold Value α = 0.6; The Lower 
Bound Threshold Value β = 0.1; The Level Threshold Value γ = 0.9; The Overlapping 
Threshold Value λ = 0.2) 

96.65% 

Hong-and-Chen's method [7] (Training Data Set: 150 Instances; Testing Data Set: 150 
Instances) 96.67% 

Hong-and-Chen's method [8] (Training Data Set: 150 Instances; Testing Data Set: 150 
Instances) 97.33% 

Wang’s method [16] (Training Data Set: 150 Instances; Testing Data Set: 150 In-
stances) 97.33% 

The proposed method (Training Data Set: 150 Instances; Testing Data Set: 150 In-
stances; Executing 200 Times; The Upper Bound Threshold Value α = 0.8; The Lower 
Bound Threshold Value β = 0.1; The Level Threshold Value γ = 0.7; The Overlapping 
Threshold Value λ = 0.2) 

97.33% 
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