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1. Introduction

One of important applications of fuzzy set
theory [22] is in the fuzzy classification sys-
tems. There are two approaches to obtain
fuzzy rules for fuzzy classification systems.
One of them is given directly by experts; the
other is produced through an automatic
learning process. In recent years, some meth-
ods [1-10, 12-18, 20-21] have been presented
to generate fuzzy rules from training in-
stances.

In [1], Castro et al. presented a method for
learning maximal structure rules for dealing
with the Iris data [11] classification problem.

In [2], Castro et al. presented an inductive
learning algorithm in fuzzy systems. In [3],
Chang et al. presented a method to generate
fuzzy rules from numerical data based on the
exclusion of attribute terms for dealing with
the Iris data classification problem. In [4],
Chen et al. presented a method to generate
fuzzy rules from numerical data for handling
the Iris data classification problem. In [5],
Chen et al. presented a method to generate
fuzzy rules from relational database systems
for estimating null values. In [6], Chen et al.
presented a method for constructing fuzzy
decision trees and generating fuzzy classifica-
tion rules from training examples. In [9],
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Chen et al. used clustering techniques to han-
dling the Iris data classification problem. In
[12], Hayushi et al. presented a fuzzy neural
expert system with automated extraction of
fuzzy if-then rules from a trained neural net-
work. In [14], Kasabov presented a method
for learning fuzzy rules and approximate rea-
soning in fuzzy neural networks and hybrid
systems. In [15], Lin et al. presented a method
for generating weighted fuzzy rules from
training data for handling fuzzy classification
problems. In [16], Nozaki et al. presented a
heuristic method for generating fuzzy rules
from numerical sets. In [17], Wang et al. pre-
sented a method for generating fuzzy rules by
learning from examples. In [18], Wu et al.
presented a method for constructing mem-
bership functions and fuzzy rules from train-
ing examples for handling the Iris data classi-
fication problem. In [20], Yuan et al. pre-
sented a method for fuzzy rules generation
based on the induction of fuzzy decision trees.
In [21], Yuan et al. presented a genetic algo-
rithm for generating fuzzy classification rules.

In this paper, we present a new method to
generate weighted fuzzy rules from a set of
training data to deal with the Iris data [11]
classification problem. The proposed method
is an extension of the fuzzy rule generation
method presented in [1], but it generates less
fuzzy rules and can get a higher average clas-
sification accuracy rate than the fuzzy rule
generation method presented in [1]. First, we
convert the training data into fuzzy rules, and
then we merge these fuzzy rules in order to
reduce the number of fuzzy rules. Further-
more, because each input variable appearing
in the generated fuzzy rules may have a dif-
ferent degree of importance, we present a
method to calculate the weight of each input
variable appearing in antecedent parts of the
generated fuzzy rules. The proposed weighted
fuzzy rules generation method gets a higher
average classification accuracy rate than the
ones presented in [1] and [9].

The rest of this paper is organized as fol-
lows. In Section 2, we briefly review Castro’s 

method for fuzzy rules generation from [1]. In
Section 3, present a new method to generate
weighted fuzzy rules from training data. In
Section 4, we use an example to illustrate the
proposed method. In Section 5, we show the
experimental results of the proposed method.
The conclusions are discussed in Section 6.

2. A review of Castro’s fuzzy rules gen-
eration method

In this section, we briefly review the fuzzy
rules generation method presented by Castro
et al. [1]. Assume that there is a training data
set Π containing

Π = {a1, a2, …, am},

where each datum ai in the data set Π has
multiple input values and a single output
value represented as follows:

ai = ((xi1, xi2, …, xin), yi),

where xij denotes the value of the jth input
variable of the ith training datum ai; yi de-
notes the value of the output variable of the
ith training datum, where mi 1 and n is
the number of input variables.

The form of a fuzzy rule is shown as fol-
lows:

IF X1 is L1 AND X2 is L2 AND … AND Xn is
Ln THEN Y is yj, (1)

where X1, X2, …, and Xn are input variables;
L1, L2, …, and Ln are the set of labels rep-
resented by membership functions; Y is the
output variable; yj is an output value of the
output variable Y. The fuzzy rule shown in Eq.
(1) can be represented as follows:

((L1, L2, …, Ln), yj).

Castro’s method for fuzzy rules generation
can be divided into two main parts. One of
them is to deal with training and learning; the
other is to deal with classification. We de-
scribe them as follows:
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2.1. Training and learning

(1) To convert the numerical data into
fuzzy rules: By converting all numerical val-
ues of the initial training data set into fuzzy
rules and put them in the set of initial rules.
We divide the domain of each input variable
into several equal length intervals and each
interval is associated with a membership
function. Then, we assign each membership
function a label to represent it. If a value xj in
the membership function associated with la-
bel Lj has the largest membership value, then
the value xj is converted into Lj.

(2) To establish a set of definitive rules: At
the beginning, we have an empty set of de-
finitive rules and then we take a fuzzy rule R
from the set of initial rules. We check if there
are any fuzzy rules in the set of definitive
rules that can subsume [1] in the fuzzy rule R.
Let fuzzy rule A = ((L1, L2, …, Ln), yi) and let
fuzzy rule B = ((L’1, L’2, …, L’n), yj). Fuzzy
rule A subsumes in fuzzy rule B, if and only if
L1L’1, L2L’2, …, LnL’n , and yi = yj. If
there are some fuzzy rules in the set of defini-
tive rules that can subsume in the fuzzy rule R,
then we ignore them and take another fuzzy
rule from the set of initial rules. If there are
no fuzzy rules in the set of definitive rules,
then we perform the amplification process [1]
to the fuzzy rule R until we can not amplify
this fuzzy rule any more, and then put this
amplified fuzzy rule in the set of definitive
rules. After this, we take another fuzzy rule
from the set of initial rules again and repeat
all previous actions until all fuzzy rules in the
set of initial rules are taken out.
Example 2.1: Assume that there is a set of
labels {N, Z, P} and assume that there is a
fuzzy rule R: ((N, Z, P), 1), then the amplifi-
cation of the set of labels are shown as fol-
lows [1]:

((N, Z, P), 1), (({N, Z}, Z, P), 1), (({N, Z, P},
Z, P), 1), (({N, Z, P}, {N, Z}, P), 1), (({N, Z,
P}, {N, Z, P}, P), 1), (({N, Z, P,}, {N, Z, P},

{N, P}), 1), (({N, Z, P,}, {N, Z, P}, {N, Z,
P}), 1).

Definition 2.1 [1]: If amplification from
fuzzy rule R to fuzzy R’is possible, where
fuzzy rule R’= ((L’1, L’2, …, L’n), yj), then
there is no fuzzy rule R”, where fuzzy rule R”
= ((L”1, L”2, …, L”n), yj), that L”1 L’1,
L”2L’2, …, L”nL’n and yi ≠ yj.

Finally, we can get a set of fuzzy rules
that can be used to deal with the classification
problem from the set of definitive rules.

2.2. Processing classification

(1) Convert the numerical values of the
testing data into labels, where the labels rep-
resent the membership functions.

(2) Processing the fuzzy rules: by compar-
ing all converted data derived in the last step
to the generated fuzzy rules, we can get the
following two states:

(i) If it subsumes in one or more fuzzy rules
and those fuzzy rules have the same output,
then the output is the classification result.
(ii) If it subsumes in two or more fuzzy rules
and those fuzzy rules do not have the same
output, then we must calculate the degree of
convenience [1] of this data for fuzzy rules.
The way to calculate the degree of conven-
ience of one rule is to map each input value to
the membership functions, calculate the cor-
responding membership values, and take the
minimal value of all the membership values
as the degree of convenience, i.e., Degree of
Convenience )}(min{ ii x .

The classification result is the output of the
fuzzy rule having the maximal value of de-
gree of convenience.

3. A new method to generate weighted
fuzzy rules from training data

In this section, we present a new algorithm
to generate weighted fuzzy rules from training
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data to deal with the Iris data [11] classifica-
tion problem, where the data that we deal
with are multiple input and single output data
(MISO). Assume that there are m instances
(i.e. a1, a2, …, am) of data to be trained. As-
sume that the ith training data ai has n input
values and one output value, shown as fol-
lows:

)),...,,,(( 21 iiniii yxxxa  ,

where xij is the jth input value of input vari-
able Xj of the ith training data ai, and xij is a
real number; yi is the value of output variable
Y of the ith training data, where i = 1, 2,…, m
and j = 1, 2, …, n.

Let I be a set of initial rules. Based on [1],
we can convert the initial training data into
fuzzy rules one to one and put them into the
set of initial rules. In other words, each initial
training datum is converted into a fuzzy rule.
By this step, we can build a set of initial rules,
which have the same number of fuzzy rules as
the number of data in the initial training data.
We describe the method of conversion as fol-
lows. Assume that we want to convert each
input value of every initial training datum into
a label, which represents a membership func-
tion. First, we get an initial training datum ai

that is not converted yet. Then, we get the jth
input value of ai, denoted by xij, which is not
converted. Assume that the domain of input
variable Xj was divided into z parts (all parts
are equal). If z = 7, we can define 7 labels, as
shown in Figure 1, where each label repre-
sents a membership function.

Figure 1. Membership functions of the corre-
sponding labels.

Then, we map xij into every membership
function that its label represents, shown in
Figure 1, and calculate the membership val-
ues respectively. We compare all of the

membership values, take the label which has
the maximal membership value, and replace
the numerical value xij by the label. Then, we
take the value of another input variable and
repeat the action described above until all of
the values of input variables are converted
into labels. Then, we can get a fuzzy rule
which is converted from ai, and we put this
rule into the set of initial fuzzy rules. After
this step, we take another initial training da-
tum which has not been converted, repeat the
step described above until the all of the train-
ing data are converted into fuzzy rules and
these fuzzy rules are put into the set of initial
rules.

Then, we deal with the fuzzy rules con-
verted from the initial training data set. First,
we take a fuzzy rule R from the set of initial
rules. If the set of definitive rules is empty,
then we let the fuzzy rule R be a member of
the set of definitive rules; if the set of defini-
tive rules is not empty, then we take one
fuzzy rule R’which has the same output as
the fuzzy rule R and merge it with the fuzzy
rule R. The action of merging is defined as
follows.
Definition 3.1: Assume that fuzzy rule A =
((L1, L2, …, Ln), yi) and fuzzy rule B = ((L’1,
L’2, … , L’n), yj). Then, fuzzy rule A and
fuzzy rule B are merged into fuzzy rule C,
where C = ((L”1, L”2, …, L”n), yk), if and
only if yi = yj. Then L”1 = L1∪L’1 , L”2 = L2

∪L’2 , …, and L”n = Ln∪L’n , and yk = yi = yj,
where“∪”is the union operator.

Example 3.1: Assume that fuzzy rule A and
fuzzy rule B are merged into fuzzy rule C,
where

A = (({SN, Z}, {HP}, {HN, SP, MP, HP},
{HN}), 1),

B = (({HN, MN, SN}, {Z}, {HN, MN}, {HN,
MN, SP}), 1),

then

C = (({HN, MN, SN, Z},{HP, Z},{HN, MN,
SP, MP, HP}, {HN, MN, SP}), 1).

HN MN SN Z SP HPMP
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Definition 3.2: Assume that fuzzy rule A =
((L1, L2, …, Ln), yi) and fuzzy rule B = ((L’1,
L’2, … , L’n), yj). Then, fuzzy rule A and
fuzzy rule B are in collision, if and only if yi

≠ yj, L1∩L’1≠ψ, L2∩L’2≠ψ, …, and
Ln∩L’n ≠ψ, where ψ denotes the empty
set.
Definition 3.3: The merge of fuzzy rule A and
fuzzy rule B into fuzzy rule C is allowed, if
and only if fuzzy rule C does not collide with
any of the fuzzy rules which are in the set of
initial rules.

If the merge of fuzzy rule R with fuzzy
rule R’is allowed, then the fuzzy rule R is
merged with fuzzy rule R’into fuzzy rule R”,
and we use fuzzy rule R”to replace R’which
is in the set of definitive rules. If the merge of
fuzzy rule R with fuzzy rule R’is not allowed,
then take another fuzzy rule which was not
taken before and have the same output with
fuzzy rule R and repeat the process described
above. If the fuzzy rule R can’t merge with
any fuzzy rules in the set of definitive rules,
then the fuzzy rule R becomes a new member
of the set of definitive rules. Repeat those
processes until all of the fuzzy rules in the set
of initial rules are processed. Finally, we can
obtain a set of fuzzy rules from the set of de-
finitive rules to be used for reasoning.

In the following, we present an algorithm
to generate fuzzy rules from a set of training
data. The algorithm is now presented as fol-
lows:

Step 1: Convert each training data in the ini-
tial training data set into a fuzzy rule
and put them into the set of initial
rules.

Step 2: If the set of initial rules is empty or
all of the fuzzy rules in the set of ini-
tial rules have been taken then Stop;
else take a fuzzy rule R form the set
of initial rules.

Step 3: If the set of definitive rules is empty
or all of the fuzzy rules which are in
the set of definitive rules that have

the same output with fuzzy rule R
have attempted to merge with fuzzy
rule R then fuzzy rule R becomes one
member of the set of definitive rules;
else go to Step 4.

Step 4: Take a fuzzy rule R’which has the
same output with fuzzy rule R and
has not attempted to merge with
fuzzy rule R from the set of defini-
tive rules;
If the merge of fuzzy rule R with
fuzzy rule R’is allowed then merge
them into fuzzy rule R”and replace
R’by fuzzy rule R”, and go to Step 2
else go to Step 3.

The set of definitive rules is produced by
the above four steps. Now, we use those fuzzy
rules that are in the set of definitive rules, for
classification. First, we convert the testing
datum into labels, and then we test if it is sub-
sumed in the fuzzy rules that are in the set of
definitive rules. We can obtain two cases:
(1) If the testing datum subsumes one or more

fuzzy rules, and those fuzzy rules have the
same output, then this output is the classi-
fication result.

(2) If the testing datum can not subsume in
any fuzzy rules or subsume in two or
more fuzzy rules which do not have the
same output, then we must use Definition
3.4 to calculate the degree of weighted
convenience. The output of a fuzzy rule
that has the maximal value of degree of
weighted convenience is the classification
result. The definition of the degree of
weighted conveniences is presented as
follows.

Definition 3.4: Assume that there exists a
testing datum T = (x1, x2, …, xn) and a fuzzy
rule R = ((L1, L2, …, Ln), yk). The degree of
weighted convenience is the summation of the
multiplications of the membership
value )( iL x

i
 and the individual weight

iw of

input variable Xi, i.e.,
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HN MN SN Z SP HPMP

1 1.74 2.47 3.21 3.95 4.68 5.42 6.16 6.9

Degree of Weighted Convenience of fuzzy

rule R =
ii

n

i
L wx

i
*)(

1



 , (2)

where )( iL x
i

 denotes the degree of mem-

bership of xi in the label Li. The method to
calculate the weight of each input variable is
presented as follows. First, we find out the
whole domain WD of the input variable Xi.
Then, we find out the individual domain of
the input variable Xi for each type of output.
Let PD be formed by a set of intervals I1,
I2, …, Ip which are not overlapping with the
domain of the input attribute variable Xi for
each type of classification output. Then, let

,
||
||

WD
PD

vi  (3)

where |PD| = |I1| + |I2| + … + |Ip|; |Ij| denotes
the length of the interval Ij, for 1  j p;
|WD| denotes the length of the whole domain
WD, and let

2

21 )...,,,max( 









n

i
i vvv

v
w , (4)

where wi is the weight of the input attribute
variable Xi and ni 1 .

4. An example

In this section, we apply the proposed
method to deal with the Iris data [11] classi-
fication problem. The Iris data contains 150
instances as shown in Table 1. There are three
species of the Iris data, i.e., Iris-Setosa,
Iris-Versicolor and Iris-Virginica. The Iris
data have 4 input attributes (i.e., Sepal Length
(SL), Sepal Width (SW), Petal Length (PL)
and Petal Width (PW)) and one output attrib-
ute. The characteristics of the input attributes
of the Iris data are shown in Table 2.

The output attribute of the Iris data consists
of three types of output values, as shown in
Table 3.

In order to clearly illustrate the proposed
fuzzy rules generation algorithm, we only

chose 15 instances from the Iris data for il-
lustration, where 5 instances for each species
(i.e. Setosa, Versicolor and Verginica) are
chosen. The chosen instances for this exam-
ple are shown in Table 4.

We assume that the number of labels for
each input attribute is 7, i.e., HN, MN, SN, Z,
SP, MP and HP. In [1], the membership func-
tions of the input attributes SL, PW, PL and
SW can be defined as shown in Figure 2, Fig-
ure 3, Figure 4 and Figure 5, respectively.

Figure 2. Membership functions of the input attrib-
ute SL [1].

Figure 3. Membership functions of the input attrib-
ute PW [1].

Figure 4. Membership functions of the input attrib-
ute PL [1].

Figure 5. Membership functions of the input attrib-
ute SW [1].

HN MN SN Z SP HPMP

4.3 4.75 5.20 5.65 6.1 6.55 7 7.45 7.9

HN MN SN Z SP HPMP

2 2.3 2.6 2.9 3.2 3.5 3.8 4.1 4.4

HN MN SN Z SP HPMP

0.1 0.4 0.7 1.0 1.3 1.6 1.9 2.2 2.5
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Table 1. Iris data [11].

Table 2. The characteristics of input attributes of
the Iris data.

Table 3. Output values of the output attributes.

Iris-Setosa Iris-Versicolor Iris-Virginica
SL SW PL PW Output SL SW PL PW Output SL SW PL PW Output
5.1 3.5 1.4 0.2 1 7.0 3.2 4.7 1.4 2 6.3 3.3 6.0 2.5 3
4.9 3.0 1.4 0.2 1 6.4 3.2 4.5 1.5 2 5.8 2.7 5.1 1.9 3
4.7 3.2 1.3 0.2 1 6.9 3.1 4.9 1.5 2 7.1 3.0 5.9 2.1 3
4.6 3.1 1.5 0.2 1 5.5 2.3 4.0 1.3 2 6.3 2.9 5.6 1.8 3
5.0 3.6 1.4 0.2 1 6.5 2.8 4.6 1.5 2 6.5 3.0 5.8 2.2 3
5.4 3.9 1.7 0.4 1 5.7 2.8 4.5 1.3 2 7.6 3.0 6.6 2.1 3
4.6 3.4 1.4 0.3 1 6.3 3.3 4.7 1.6 2 4.9 2.5 4.5 1.7 3
5.0 3.4 1.5 0.2 1 4.9 2.4 3.3 1.0 2 7.3 2.9 6.3 1.8 3
4.4 2.9 1.4 0.2 1 6.6 2.9 4.6 1.3 2 6.7 2.5 5.8 1.8 3
4.9 3.1 1.5 0.1 1 5.2 2.7 3.9 1.4 2 7.2 3.6 6.1 2.5 3
5.4 3.7 1.5 0.2 1 5.0 2.0 3.5 1.0 2 6.5 3.2 5.1 2.0 3
4.8 3.4 1.6 0.2 1 5.9 3.0 4.2 1.5 2 6.4 2.7 5.3 1.9 3
4.8 3.0 1.4 0.1 1 6.0 2.2 4.0 1.0 2 6.8 3.0 5.5 2.1 3
4.3 3.0 1.1 0.1 1 6.1 2.9 4.7 1.4 2 5.7 2.5 5.0 2.0 3
5.8 4.0 1.2 0.2 1 5.6 2.9 3.6 1.3 2 5.8 2.8 5.1 2.4 3
5.7 4.4 1.5 0.4 1 6.7 3.1 4.4 1.4 2 6.4 3.2 5.3 2.3 3
5.4 3.9 1.3 0.4 1 5.6 3.0 4.5 1.5 2 6.5 3.0 5.5 1.8 3
5.1 3.5 1.4 0.3 1 5.8 2.7 4.1 1.0 2 7.7 3.8 6.7 2.2 3
5.7 3.8 1.7 0.3 1 6.2 2.2 4.5 1.5 2 7.7 2.6 6.9 2.3 3
5.1 3.8 1.5 0.3 1 5.6 2.5 3.9 1.1 2 6.0 2.2 5.0 1.5 3
5.4 3.4 1.7 0.2 1 5.9 3.2 4.8 1.8 2 6.9 3.2 5.7 2.3 3
5.1 3.7 1.5 0.4 1 6.1 2.8 4.0 1.3 2 5.6 2.8 4.9 2.0 3
4.6 3.6 1.0 0.2 1 6.3 2.5 4.9 1.5 2 7.7 2.8 6.7 2.0 3
5.1 3.3 1.7 0.5 1 6.1 2.8 4.7 1.2 2 6.3 2.7 4.9 1.8 3
4.8 3.4 1.9 0.2 1 6.4 2.9 4.3 1.3 2 6.7 3.3 5.7 2.1 3
5.0 3.0 1.6 0.2 1 6.6 3.0 4.4 1.4 2 7.2 3.2 6.0 1.8 3
5.0 3.4 1.6 0.4 1 6.8 2.8 4.8 1.4 2 6.2 2.8 4.8 1.8 3
5.2 3.5 1.5 0.2 1 6.7 3.0 5.0 1.7 2 6.1 3.0 4.9 1.8 3
5.2 3.4 1.4 0.2 1 6.0 2.9 4.5 1.5 2 6.4 2.8 5.6 2.1 3
4.7 3.2 1.6 0.2 1 5.7 2.6 3.5 1.0 2 7.2 3.0 5.8 1.6 3
4.8 3.1 1.6 0.2 1 5.5 2.4 3.8 1.1 2 7.4 2.8 6.1 1.9 3
5.4 3.4 1.5 0.4 1 5.5 2.4 3.7 1.0 2 7.9 3.8 6.4 2.0 3
5.2 4.1 1.5 0.1 1 5.8 2.7 3.9 1.2 2 6.4 2.8 5.6 2.2 3
5.5 4.2 1.4 0.2 1 6.0 2.7 5.1 1.6 2 6.3 2.8 5.1 1.5 3
4.9 3.1 1.5 0.1 1 5.4 3.0 4.5 1.5 2 6.1 2.6 5.6 1.4 3
5.0 3.2 1.2 0.2 1 6.0 3.4 4.5 1.6 2 7.7 3.0 6.1 2.3 3
5.5 3.5 1.3 0.2 1 6.7 3.1 4.7 1.5 2 6.3 3.4 5.6 2.4 3
4.9 3.1 1.5 0.1 1 6.3 2.3 4.4 1.3 2 6.4 3.1 5.5 1.8 3
4.4 3.0 1.3 0.2 1 5.6 3.0 4.1 1.3 2 6.0 3.0 4.8 1.8 3
5.1 3.4 1.5 0.2 1 5.5 2.5 4.0 1.3 2 6.9 3.1 5.4 2.1 3
5.0 3.5 1.3 0.3 1 5.5 2.6 4.4 1.2 2 6.7 3.1 5.6 2.4 3
4.5 2.3 1.3 0.3 1 6.1 3.0 4.6 1.4 2 6.9 3.1 5.1 2.3 3
4.4 3.2 1.3 0.2 1 5.8 2.6 4.0 1.2 2 5.8 2.7 5.1 1.9 3
5.0 3.5 1.6 0.6 1 5.0 2.3 3.3 1.0 2 6.8 3.2 5.9 2.3 3
5.1 3.8 1.9 0.4 1 5.6 2.7 4.2 1.3 2 6.7 3.3 5.7 2.5 3
4.8 3.0 1.4 0.3 1 5.7 3.0 4.2 1.2 2 6.7 3.0 5.2 2.3 3
5.1 3.8 1.6 0.2 1 5.7 2.9 4.2 1.3 2 6.3 2.5 5.0 1.9 3
4.6 3.2 1.4 0.2 1 6.2 2.9 4.3 1.3 2 6.5 3.0 5.2 2.0 3
5.3 3.7 1.5 0.2 1 5.1 2.5 3.0 1.1 2 6.2 3.4 5.4 2.3 3
5.0 3.3 1.4 0.2 1 5.7 2.8 4.1 1.3 2 5.9 3.0 5.1 1.8 3

Input attributes Minimal value
(cm)

Maximal value
(cm)

Sepal Length (SL) 4.3 7.9
Sepal Width (SW) 2.0 4.4
Petal Length (PL) 1.0 6.9
Petal Width (PW) 0.1 2.5

Type Output attribute

1 Iris-Setosa

2 Iris-Versicolor
3 Iris-Virginica
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Table 4. Initial training data.

Iris-Setosa Iris-Versicolor Iris-Virginica
SL SW PL PW Output SL SW PL PW Output SL SW PL PW Output
4.6 3.4 1.4 0.3 1 6.6 2.9 4.6 1.3 2 6.1 3 4.9 1.8 3
5.7 3.8 1.7 0.3 1 5 2 3.5 1 2 6.1 2.6 5.6 1.4 3
5.2 3.4 1.4 0.2 1 6.2 2.2 4.5 1.5 2 6.9 3.1 5.4 2.1 3
4.5 2.3 1.3 0.3 1 5.9 3.2 4.8 1.8 2 6.7 3.1 5.6 2.4 3
4.4 3.2 1.3 0.2 1 6 2.9 4.5 1.5 2 6.2 3.4 5.4 2.3 3

After the membership functions of the input attributes have been defined, according to [1],
we convert each training datum into a fuzzy rule, respectively. First, we take a training datum
((4.6, 3.4, 1.4, 0.3), 1) from Table 4. The value of the attribute SL is 4.6, we map the value“4.6”
into the membership function HN and we can see that the membership value is 1; we map the
value “4.6”into the membership MN, SN, Z, SP, MP and HP, respectively, and we can see that
the membership values are 0, respectively. We can see that when we map the value“4.6”into the
membership function HN, we get the largest membership value, so we convert the value “4.6”
into “HN”. In the same way, we can convert ((4.6, 3.4, 1.4, 0.3), 1) into (({HN}, {SP}, {HN},
{HN}), 1). Repeating the above steps, we can convert the initial training data shown in Table 4
into the set of initial rules as shown in Table 5.

Table 5. Fuzzy rules in the set of initial rules.

Iris-Setosa Iris-Versicolor Iris-Virginica
(({HN}, {SP}, {HN}, {HN}), 1) (({SP}, {SN}, {SP}, {Z}), 2) (({Z}, {SN}, {SP}, {MP}), 3)
(({SN}, {MP}, {HN}, {HN}), 1) (({MN}, {HN}, {SN}, {SN}), 2) (({Z}, {MN}, {MP}, {Z}), 3)
(({MN}, {SP}, {HN}, {HN}), 1) (({Z}, {HN}, {SP}, {SP}), 2) (({MP}, {Z}, {MP}, {HP}), 3)
(({HN}, {HN}, {HN}, {HN}), 1) (({Z}, {Z}, {SP}, {MP}), 2) (({SP}, {Z}, {MP}, {HP}), 3)
(({HN}, {Z}, {HN}, {HN}), 1) (({Z}, {SN}, {SP}, {SP}), 2) (({Z}, {SP}, {MP}, {HP}), 3)

Then, we take the fuzzy rules sequentially
from the set of initial rules shown in Table 5
and perform the merging process. Finally, we
can get a set of definitive fuzzy rules from the
set of initial rules. There are 5 fuzzy rules in
the set of definitive rules, shown as follows:

R0: (({HN, MN, SN}, {HN, Z, SP, MP},
{HN}, {HN}), 1),

R1: (({MN, Z, SP}, {HN, SN}, {SN, SP},
{SN, Z, SP}), 2),

R2: (({Z}, {Z}, {SP}, {MP}), 2),

R3: (({Z}, {MN, SN, SP}, {SP, MP}, {Z, MP,
HP}), 3),

R4: (({SP, MP}, {Z}, {MP}, {HP}), 3).

Now, we apply those fuzzy rules to deal
with the classification. We use an instance
(4.7, 3.2, 1.3, 0.2) of the Iris data shown in
Table 1 as a testing datum to illustrate the
classification process. First, we convert this
testing datum into ({HN}, {Z}, {HN}, {HN}).
We take this converted datum into all of the
generated fuzzy rules, respectively, and then
we can see that only “R0: (({HN, MN, SN},
{HN, Z, SP, MP}, {HN}, {HN}), 1)”can
subsume in it (because {HN}{HN, MN,
SN}, {Z}{HN, Z, SP, MP}, {HN}{HN}
and {HN}{HN}). Thus, the classification
result indicates that it is belonging to Type 1,
i.e., Iris-Setosa. From Table 1, we can see that
it is a correct classification.
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We use the other instance (4.4, 2.9, 1.4, 0.2)
of the Iris data shown in Table 1 as the testing
datum. First, we convert this testing datum
into ({HN}, {SN}, {HN}, {HN}). We take
this converted testing datum into all of the
generated fuzzy rules, respectively, and then
we can see that no fuzzy rule can subsume in
it. Thus, we must calculate the degree of
weighted convenience of each generated
fuzzy rule.

First, we calculate the weight wi of each
input attribute, for 41 i , shown as fol-
lows.

According to all of the input values of the
input attributes SL, SW, PL, and PW shown in
Table 4, based on Eq. (3), we have 1v = 0.52,

2v = 0.39, 3v = 1, and 4v = 0.73, respectively.
Because of max(v1, v2, v3, v4) = v3 = 1, by

Eq. (4), we obtain:

,27.0)1/52.0( 2
1 w

,15.0)1/39.0( 2
2 w

,1)1/1( 2
3 w

.54.0)1/73.0( 2
4 w

Then, we calculate the degree of weighted
convenience of fuzzy rule R0,

R0: (({HN, MN, SN}, {HN, Z, SP, MP},
{HN}, {HN}), 1).

According to the previous discussions, we
have

,1)4.4(01 

,0)9.2(02 

,1)4.1(03 

.1)2.0(04 

Therefore, based on Eq. (2), we can calculate
the degree of weighted convenience of the
fuzzy rule R0 shown as follows:

0.27 * 1 + 0.15 * 0 + 1 * 1 + 0.54 * 1 = 1.81.

Similarly, we can see that the degrees of
weighted convenience of the fuzzy rules R1,
R2, R3 and R4 are 0.15, 0, 0.15 and 0, respec-

tively.
From the above calculations, we can see

that the degree of weighted convenience of
the fuzzy rule R0 has the maximal value. Thus,
the output of the fuzzy rule R0 is the classifi-
cation result. Because the output of the fuzzy
rule R0 is Type 1: Iris-Setosa, we can see that
the classification result of the testing datum
(4.4, 2.9, 1.4, 0.2) is Iris-Setosa. From Table 1,
we can see that it is a correct classification.

5. Experimental results

We have implemented the proposed
method on a Pentium 4 PC by using Borland
C++ Build Version 5.0 to deal with the Iris
data classification. In [1], Castro et al. used
120 instances of the Iris data as the training
data set, and the other 30 instances of Iris data
as the testing data set. The average classifica-
tion accuracy rates of the Castro’s method
with different numbers of labels are shown in
Table 6, where the values“a/b”in Table 6 are
explained as follows: a denotes the number of
fuzzy rules and b denotes the classification
accuracy rate. From Table 6, we can see that
Castro’s method [1] has the highest classifica-
tion accuracy rate when the number of labels
is 11. In this paper, we also use 120 instances
of the Iris data as the training set and the other
30 instances of the Iris data as the testing data
set. The average classification accuracy rates
of the proposed method for different numbers
of labels after executing 1000 runs are shown
in Table 7. From Table 7, we can see that
when the number of labels is 11, we can get
the highest average classification accuracy
rate. Table 8 shows a comparison of the av-
erage classification accuracy rate of the pro-
posed method with the ones presented in [1]
and [9], where 120 instances of the Iris data
are used as the training set and the other 30
instances of the Iris data are used as the test-
ing data set. From Table 8, we can see that the
proposed weighted fuzzy rules generation
method gets a higher average classification
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accuracy rate than the ones presented in [1]
and [9].

6. Conclusions

In this paper, we have presented a new
method to generate weighted fuzzy rules from
training data to deal with the Iris data classi-
fication problem. First, we convert the train-
ing data to fuzzy rules, and then we merge
those fuzzy rules in order to reduce the num-
ber of fuzzy rules. Then, we calculate the
weight of each input variable appearing in the
generated fuzzy rules by the relationships of

input variables. From Table 7, we can see that
when the number of labels is 11, we get the
highest average classification accuracy rate.
From Table 8, we can see that the proposed
weighted fuzzy rules generation method gets
a higher average classification accuracy rate
than the ones presented in [1] and [9]. We
also can see that the proposed method gener-
ates less average number of fuzzy rules than
the method presented in [1]. Furthermore,
from Table 8, we also can see that the average
number of generated fuzzy rules of the
method presented in [9] is zero due to the fact
that it is based on clustering techniques.

Table 6. Experimental results of Castro’s method[1].

(The meaning of“a/b”is described as follows: a denotes the number of fuzzy rules and b
denotes the classification accuracy rate.)

Table 7. Experimental results of the proposed method under different numbers of labels.

Number of labels 7 Labels 9 Labels 11 Labels

Average classification accu-
racy rate 96.48% 96.06% 96.7%

Average number of generated
fuzzy rules 8.269 8.772 8.849

Test 7 Labels 9 Labels 11 Labels

1 15/100 15/96.6 13/96.6

2 13/96.6 15/93.3 13/96.6

3 13/96.6 14/83.3 11/96.6

4 12/96.6 12/96.6 12/96.6

5 13/96.6 15/93.3 13/96.6

6 14/96.6 11/93.3 11/96.6

7 11/93.3 12/86.6 12/86.6

8 11/93.3 13/90 11/90

9 13/96.6 14/93.3 13/96.6

10 15/100 14/100 12/100
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Table 8. A comparison of the average classification accuracy rate for different methods.

Methods Average classification
accuracy rate

Average number of
generated fuzzy rules

Castro’s method [1] (training data set:
120 instances; testing data set: 30 in-
stances; the number of labels is 11)

96.6% 12.1

Chen-and-Yu’s method [9] (training
data set: 120 instances; testing data set:
30 instances; no labels are used)

96.65% 0

The proposed method (training data set:
120 instances; testing data set: 30 in-
stances; the number of labels is 11)

96.7% 8.849
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