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ABSTRACT

In this paper, we propose a hybrid genetics-based machine
learning algorithm for designing a linguistic classification
system that consists of a small number of fuzzy if-then
rules with clear linguistic interpretation. Our task is to
generate a small number of fuzzy if-then rules from
numerical data for a high-dimensional pattern
classification problem. We assume that a set of linguistic
values is given for each attribute of the pattern

classification problem by human experts. Thus our task is
described as finding a small number of combinations of
linguistic values, each of which is used as the antecedent
part of a fuzzy if-then rule. While this task seems to be
simple at a glance, it is very difficult especially in the case
of high-dimensional problems because the number of
possible combinations of antecedent linguistic values
exponentially increases with the dimensionality of
problems. That is, the search space for high-dimensional
problems is terribly huge. In our approach, an individual
in genetic algorithms is a set of fuzzy if-then rules. Each
rule is coded as a string by its antecedent linguistic values.
Thus an individual (i.e., a rule set) is denoted by a
concatenated string. The fitness of a rule set, which is
defined by its classification performance, is used in a
selection operation. New rule sets are generated by a
crossover operation from selected rule sets. A mutation
operation modifies a part of each rule set generated by the
selection and crossover. As a mutation operation, we use a
rule generation mechanism of Michigan approach. In
Michigan approach, new fuzzy if-then rules are generated
from existing rules with high classification performance.
The performance of non-hybrid algorithms as well as our
hybrid algorithm is examined by computer simulations.

1. INTRODUCTION

Fuzzy systems based on fuzzy if-then rules have been
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successfully used in many application areas [1,2]. Fuzzy
if-then rules were traditionally obtained from human
experts. Recently various methods have been proposed for
automatically generating and adjusting fuzzy if-then rules
without human experts (for example, [3-6]). Genetic
algorithms {7,8] have been used as rule generation and
optimization tools in the design of fuzzy rule-based
systems [9-14]. Those GA-based studies on the design of
fuzzy rule-based systems are often referred to as fuzzy
genetics-based machine learning methods (fuzzy GBML
methods), each of which can be classified into Pittsburgh
or Michigan approach as non-fuzzy GBML methods.
Many fuzzy GBML methods [9-11] are categorized as
Pittsburgh approach [15] where a set of fuzzy if-then rules
is coded as a string (i.e., an individual is a fuzzy rule-
based system). Some studies [12-14] are categorized as
Michigan approach (i.e., classifier systems [7,8,16]) where
a single fuzzy if-then rule is coded as a siring (i.e., an
individual is a single fuzzy if-then rule).

In Pittsburgh approach where a number of fuzzy if-then
rules is coded as a string and handled as an individual, the
performance of each rule set (i.e., each individual) is used
as its fitness value. Thus the genetic search for finding
rule sets with high fitness values is equivalent to the
search for fuzzy rule-based systems with high
performance. That is, the optimization of fuzzy rule-based
systems is directly handled by genetic algorithms that try
to maximize the fitness function. Some good rule sets in a
current population are inherited to the next population
with no modification as elite individuals. The performance
of each rule is not explicitly evaluated in Pittsburgh
approach. Thus even if good rules exist in the current
population, they are not always used for generating new
rule sets. Especially when good rules are included in poor
rule sets, they easily disappear during the generation
update. Since a population consists of a number of rule
sets, long computation time and large memory storage are
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required in Pittsburgh approach.

On the other hand, in Michigan approach where a single
fuzzy if-then rule is coded as a siring and handled as an
individual, the performance of each rule is used as ifs
fitness value. That is, the performance of rule sets is not
utilized in the genetic search for finding fuzzy rule-based
systems with high performance. Thus the optimization of
fuzzy rule-based systems is indirectly performed by
searching for good fuzzy if-then rules. Some good fuzzy
if-then rules in the current population (i.e., in the current
rule set) are inherited to the next population with no
modification as elite individuals. The performance of the
current rule set is not explicitly evaluated in the genetic
search of Michigan approach. Thus a good rule set can be
destroyed by the generation update (i.e., the performance
of the current population can be decreased). Since a
population includes only a single rule set, computation
time and memory storage in Michigan approach are much
smaller than those in Pittsburgh approach where a
population consists of a number of rule sets.

In Michigan approach, good fuzzy if-then rules in the
current population (i.e., in the current rule set) are
inherited with no modification to the next population. The
generation update in Michigan approach can be viewed as
a partial change of the current population where bad rules
are replaced with newly generated rules. Thus once good
fuzzy if-then rules are found, they are not likely to
disappear. On the other hand, genetic operations in
Pittsburgh approach are not directly based on the
performance of fuzzy if-then rules. Thus even good fuzzy
if-then rules (especially included in poor rule sets) can
easily disappear by generation update. Of course, good
rule sets are inherited to the next population as elite
individuals in Pittsburgh approach. In Table 1, we
summarize characteristic features of these two approaches.

Table 1. Characteristic features of each approach.

Approach Pittsburgh | Michigan
Individual A rule set Arule
Fitness definition For a rule set | For arule
Optimization Direct Indirect
Elite Rule sets Rules
Inheritance of good rules X O
Inheritance of good rule sets O X
Computation time Long Short
Memory storage Large Small
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In this paper, we first compare these two approaches of
fuzzy GBML. Then we combine them into a single hybrid
algorithm for simultaneously utilizing advantages of each
approach.

2. TWO APPROACHES OF FUZZY GBML

2.1 Fuzzy Rule-Based Classification Systems
We use fuzzy if-then rules of the following form for an n-
dimensional pattern classification problem:

Rule R;: If x; is A;; and ... and x,, is Aj,
then Class C; with CF;, o

where R; is the label of the j-th fuzzy if-then rule, j
indexes the number of rules, x = (xy,%5,...,x,) is an n-
dimensional pattern vector, A is an antecedent fuzzy set
with a linguistic label (i.e., a linguistic value such as small
and large) on the i-th axis, C; is a consequent class, and
CF; is a certainty grade. In this paper, we assume that the
pattern space is the n-dimensional unit cube [0,1}*. In
computer simulations, all attribute values are normalized
into real numbers in the unit interval [0,1]. As the
antecedent fuzzy sets A ’s, we use five linguistic values
in Fig. 1 and “don’t care”. Thus the total number of
combinations of the antecedent fuzzy sets is 6" , which is
terribly large in the case of high-dimensjonal problems.

Membership
1.0

Attribute value

Fig. 1 Antecedent fuzzy sets.

As shown in Fig. 1, the meaning of each linguistic value is
specified by a triangular membership function on the unit
interval [0,1]. We handle “don’t care” as a special
linguistic value with the following membership function:

1, 0<x<],

; x)= 2
ﬂdgntcare( ) {0’ otherwise. ( )
In this paper, we assume that m training patterns
X, =(xp1,...,xp,,) , p=12,..m are given. Our fask is
to generate a small number of fuzzy if-then rules from the
training patterns. When antecedent fuzzy sets of a fuzzy
if-then rule are specified, its consequent class and



certainty grade are determined by a heuristic procedure [4].

Thus our task is viewed as finding a small number of
combinations of antecedent fuzzy sets. Whereas this fask
does not involve the adjustment of membership functions
or certainty grades, it is a very difficult task especially in
the case of high-dimensional problems (note that the
number of combinations of antecedent fuzzy sets is 67 ).

When a set of fuzzy if-then rules is given, its performance
is evaluated by classifying the given training patterns
using the rule set. We use a fuzzy reasoning method based
on a single winner rule [4] where an input pattern is
classified by the winner rule with the maximum product of
the compatibility grade and the certainty grade.

2.2 Pittsburgh Approach

Let us denote the fuzzy if-then rule R; in (1) by its n
antecedent fuzzy sets as R; = A1 -+~ A, . That is, R; is
coded as a siring of the length n. Let S be a set of N fuzzy
if-then rules (i.e., S ={Ry,....Ry}). We denote S by a
concatenated string of the length nx N where each sub-
string of the length n corresponds to a single fuzzy if-then
rule. That is, the rule set S is denoted as

Ay Ang. ()

The fitness of the rule set S is measured as

S =Ayy Ay Ayy oAy

fitness(S) = NCP(S), @
where NCP(S) is the number of correctly classified
fraining patterns by S.

Let & be a current population including N, rule sets.
We define the selection probability of each rule set S; as

P(Sl) - ﬁtr.leSS(Si) - fmm (SU) , (5)
SZ}IﬁmeSS(Sk) = fmin ()}
ké

where fpin(¥) is the fitness value of the worst rule set in
¥ (i.e., the smallest fitness value in ¥').

We use the uniform crossover where each sub-string is
handled as a block. That is, the crossover replaces some
rules in one parent with rules in the other parent. A
mutation operation randomly replaces an antecedent fuzzy
set with another one. By the selection, crossover and
mutation operations, we generate (Ng —1) rule sets. The
best rule set in the current population is added to the
(Ng —1) rule sets as an elite individual to form a new
population with N rule sets,

2.3 Michigan Approach

As in Pittsburgh approach, a fuzzy if-then rule is denoted
by its antecedent fuzzy set: R; = A;;--+4;, . In Michigan
approach, a single fuzzy if-then rule is handled as an
individual, which is coded as a string of the length n. A
population S consists of N fuzzy if-then rules:
S ={Ry,...,.Ry } . The fitness value of a fuzzy if-then rule
R; in the current population S (i.e., in the rule set S) is
defined as follows after all the given fraining patterns are
classified by the rule set S.

fitness(R;) = wy x NCP(R;)—wy x NMP(R;), (6)

where NCP(R;) is the number of correctly classified
training patterns by R;, NMP(R;) is the number of
misclassified training patterns by R; , and wy and w, are -
positive constants.

The selection probability of each rule is defined by a
roulette wheel selection with a linear scaling as in (5). The
uniform crossover is used for generating two fuzzy if-then
rules from a pair of parent rules. A mutation operation
randomly replaces an antecedent fuzzy set with another
one. By the selection, crossover and mutation operations,
we generate Nygjpc. fuzzy if-then rules. The worst
Nieplace fuzzy if-then rules in the current population are
replaced with the newly generated rules to form the next
population (i.e., the next rule set) with N rules. Since the
number of replaced rules is the same as that of newly
added rules, the size of rule sets is kept constant
throughout the iterative execution of Michigan approach
as well as Pittsburgh approach.

2.4 Computer Simulations

The two approaches of fuzzy GBML were applied to wine
data with 13 attributes (available from UC Irvine
Database). This data set was often used in the literature.
Since the wine data set involves 13 attributes and we use
six antecedent fuzzy sets (i.e., five linguistic values and
“don’t care”) for each attribute, the total number of
possible fuzzy if-then rules is 613 =1.3x1010. The wine
data set is not a difficult classification problem because
there are no class overlaps. But the search for a small
number of fuzzy if-then rules is very difficult due to a
huge number of combinations of antecedent fuzzy sets
(i.e., 613 =1.3x1019 combinations).

We applied the two approaches of fuzzy GBML (i.e.,
Pittsburgh approach and Michigan approach) to the wine
data set with the following parameter specifications:
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Number of rules in each rule set: N =20,
Number of rule sets in each generation:
N =50 (in Pittsburgh approach),
N,g. =1 (in Michigan approach),
Weights w; and w, in Michigan approach:
wy =1, wp =3,
Crossover probability: 0.9,
Mutation probability: 0.1,
Stopping condition: 500 generations,
Number of replaced rules in Michigan approach:
N replace : 20% of the current rule set.

Each approach was applied to the wine data set ten times
using different initial populations. The following average
classification rate on the fraining patterns was obtained at
the 500th generation:

Pittsburgh approach: 63.1%,
Michigan approach: 95.1% at the 500th generation,
96.3% (the best result among 500 generations).

From these results, we can see that Michigan approach
can efficiently search for good fuzzy if-then rules among a
huge number of possible rules. Similar results were
reported in Ishibuchi et al.[17] with different conditions
about genetic operations and parameter specifications.
Higher classification rates (i.e., almost 100% classification
rates) can be obtained by Michigan approach by
increasing the number of fuzzy if-then rules and/or the
number of generations (see Ishibuchi et al.[13, 14, 17]).

For identifying the essential elements of Michigan
approach, we applied it to the wine data with various
conditions. First we examined the effect of the number of
replaced rules (i.e., Nreplace ) On the performance of
Michigan approach. We used three specifications of
N replace * 20 (100% of the current population), 10 (50%)
and 4 (20%). In computer simulations, we used two

specifications of the weight values: (wq, wo) =(1,5), (5,1).

Average classification rates at the 500th generation are
summarized in Table 2. From this table, we can see that
the performance of Michigan approach was significantly
deteriorated by replacing all rules in the current
population (i.e., by specifying Nieplace s 20).

Next we examined the effect of the selection operation on
the performance of Michigan approach. We performed
computer simulations with a random selection operation
where parent rules were randomly selected from the
current population. Simulation results are summarized in
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Table 3. From the comparison between Table 2 and Table
3, we can see that the good result (i.e., a 97.1% average
classification rate) was obtained when the parameter
values were appropriately specified. We can also see from
Table 3 that the selection of parent rules has a large effect
on the performance. of Michigan approach when the
parameter values were inappropriately specified.

We also examined the effect of the selection of replaced
rules on the performance of Michigan approach. We
performed computer simulations by randomly selecting
replaced rules from the current population. Simulation
results are summarized in Table 4. From the comparison
between Table 2 and Table 4, we can see that good results
were not obtained in this case (i.e., the best average
classification rate was 70.0%).

Table 2. Classification rates at the 500th generation.

Weights Number of replaced rules (N replace )

(w1, wa) 20 10 4
5,1 70.4% 96.4% 95.1%
1,5) 27.0% 97.7% 95.1%

Table 3. Simulation results with a random selection of

parent rules.
Weights Number of replaced rules (N repjace )
(w1, w2) 20 10 4
5, 1D 0.2% 95.7% 95.9%
(1,5) 0.1% 97.1% 89.2%

Table 4. Simulation results with a random selection of
replaced rules.

Weights Number of replaced rules (N repiace )

(w1, wy) 20 10 4
65,1 69.7% 66.3% 70.0%
1,5 26.0% 21.1% 17.0%

While Michigan approach has high ability to efficiently
find good fuzzy if-then rules (see Table 2), this does not
always mean its high ability to find good rule sets because
Michigan approach does not directly search for the best
rule set. This indirect search nature causes a difficulty in
finding good rule sets when the number of fuzzy if-then
rules is very small. We applied Michigan approach with
five fuzzy if-then rules (i.e., N =5) to the wine data in the
same manner as in Table 2. The weight values were



specified as wj;=1 and wp =5, and N aS
N ieptace = 1. The average classification rate at the 500th
generation over ten independent trials was 38.3%. In each
trial, there were many ups and downs of the classification
rate over 500 generations (see Fig. 2 where simulation
results of a single trial are shown). This is because the
evolution of fuzzy if-then rules in Michigan approach is
not driven by the performance of rule sets. On the other
hand, the classification rate of the elite individual (i.e., the
best rule set at each generation) in Pittsburgh approach
does not decrease because the fitness function in (4) is the
same as the classification rate. Pittsburgh approach,
however, does not have high search ability to efficiently
find good fuzzy if-then rules. In the next section, we try to
combine the two approaches for utilizing advantages of
each approach into a single hybrid algorithm.

100

0
(=]
]

Classification rate (%)
%

70 ; \
350 4

300 00 450 500

Number of generations

Fig. 2 Classification rate at each generation obtained by
Michigan approach with five fuzzy if-then rules.

3. HYBRIDIZATION

From the simulation results in the previous section, it
seems that the following points are essential in designing a
high performance hybrid algorithm:

(1) To inherit good rules (see Table 2).

(2) To generate new rules from good rules (see Table 3).
(3) To remove bad rules (see Table 4).

(4) To directly maximize the performance of rule sets.

Our hybrid algorithm is based on Pittsburgh approach.
Only its mutation operation is modified. The rule
generation mechanism of Michigan approach is used as a
mutation operation in our hybrid algorithm. That is, the
worst rules in each rule set (i.e., in each individual) are

replaced with new rules that are generated from good rules
in that rule set. In our hybrid approach, the search for
good fuzzy if-then rules is mainly driven by the rule
generation mechanism of Michigan approach. Thus we
use a small probability for the crossover operation in
Pittsburgh approach.

We applied our hybrid algorithm to the wine data with the
following parameter specifications:

Number of rules in each rule set: N =20,
Number of rule sets in each generation: Ny, =50,
Crossover probability: 0.3 in Pittsburgh approach,

0.9 in Michigan approach,
Mutation probability: 0.1,
Stopping condition: 500 generations,
Number of replaced rules in Michigan approach:

N teplace : 20% of the current rule set.

The average classification rate over ten independent trials
was 97.9%. This is better than the average resulis by
Pittsburgh approach and Michigan approach in the
previous section. That is, our hybrid algorithm has high
search ability to efficiently find good fuzzy if-then rules.
We also applied our hybrid algorithm to the wine data set
by specifying the number of fuzzy if-then rules in each
rule set as N =5. The average classification rate over ten
irials was 85.2% at the 500th generation, which is much
betier than the results by Piitsburgh approach (45.6%) and
Michigan approach (38.3%).

4. CONCLUSION

In this paper, we compared the two approaches of fuzzy
GBML to the design of linguistic rule-based systems for
high-dimensional pattern classification problems. We
demonstrated high search ability of Michigan approach to
find good fuzzy if-then rules through computer
simulations on wine data with 13 attributes. We also
showed that its high search ability was deteriorated when
all rules were replaced with newly generated rules, parent
rules were randomly selected, and existing rules were
randomly removed from the current rule set. These results
suggested that good rules in the current rule set should be
inherited to the next rule set, new rules should be
generated from existing good rules, and bad rules should
be replaced with newly generated rules. A difficulty
related to the indirect search for good rule sets in
Michigan approach was also demonstrated.
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We combined the two approaches for utilizing their
advantages in a single hybrid algorithm. In our hybrid
algorithm, the rule generation mechanism of Michigan
approach is used as a mutation operation in Pittsburgh
approach. Its performance was examined through
computer simulations on the wine data. Our hybrid
algorithm has high search ability to find good fuzzy if-
then rules as in Michigan approach. The evolution of
fuzzy if-then rules in our hybrid algorithm is driven by the
performance of rule sets as in Pittsburgh approach. In this
sense, our hybrid algorithm has the advantages of the two
approaches. On the other hand, our hybrid algorithm has
the same disadvantages as Pittsburgh approach with
respect to computation time and memory storage. This is
because a set of fuzzy if-then rules is coded as a string and
handled as an individual in our hybrid algorithm as in
Pittsburgh approach. For overcoming these disadvantages,
the development of hybrid algorithms based on Michigan
approach is left for future work.
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