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Abstracts A Fuzzy Classifier which deals with very confusing objects is proposed. Naturally
this classifier heavily relies on the multi-feature decision—making procedure. For a simple
example, this classifier is applied to the recognition of confusing handwritten numerals 4, 6 and 9.
The characteristic variables used in this paper are the existence of a loop and the relative
location of the starting or ending points(SEP). Thus each sample of handwritten numerals 4, 6
and 9 is classified in one of the 6 groups which are divided according to the sample structure.
Each group has its own classifying rules. Also the method of rule-generation using genetic

algorithms in each group is proposed.
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1. INTRODUCTION

Letter recognition, in the pattern recognition,
especially number recognition has been given
much research for a long time, and there exist
many methods of recognition about it. The
methods can be classified into 4 catcgorics.mm

Amcng these are included: (1) the statistical
method that classifies by using statistical
features of characteristic vectors extracted from
numeral image data; (2) the structural method
which uses structural features of letters such as
inflection point, contour, and skeletons: (3) the
method of applying neural network that models
human cognition procedure; and (4) the method
of template matching that recognizes numecrals
under recognition and by obtaining similarity
and distance.

Among these 4 methads, the structural
method is based on the principles of numeral
composition and recognizes the numerais by
inferring the relationship between each numeral

and its basic components. This mecthod has an
advantage: it is adequate for recognizing the
numeral sets which have complex structures,
and handwritten form which has much variance
in shape.

However, it is hard to extract the
characteristics that are fundamental for
recognition algorithm. Also, there has not been
enough research on the automatic generation of
rules expressing the numeral structure and the
grammatical inference method which is based on
the rules.

In this paper, we try to solve the problem
of the characteristics extraction by using relative
location of SEP and Loop as a characteristic
vector. Also, it proposes the method of
generating the classification rules easily, which
classifics the structurally similar data into
groups and uses Genetic Algorithms. For the
recognition of confusing handwritten numerals 4,
6 and 9, we propose the FGC(Fuzzy Genetic
Classifier) which uses human knowledge in



designing procedures.m The use of fuzzy logic
for using human knowledge and for dealing with
fuzzy information has been confirmed for the
validity in many areas.[ 51! '

Section 2.1 deals with the characteristic
variables which are used in this experiment,
section 2.2 deals with the method of classifying
the similar classes into groups, and section 2.3
explains the automatic generation of the rules
using Genetic Algorithms. Chapter 3. examines
the results of recognition of 84 printed numerals
and 330 handwritten numerals,
conclusion is given.

and finally a

2. FEATURE CLASSIFICATION AND GAs

2.1 The extraction of characteristic vectars

In the classification method using the
structural characteristics, the exact extraction of
features is an important concern for the high
rate of the numeral recognition. However it's
not easy to obtain the exact characteristics such
as an inflection point about the very confusing
handwritten numerals. Accordingly, for the
binary input data we extracted the most primary
units, that is, a starting point, an ending point
and the location of a loop by using the contour
which is exact and available easily.

According to the characteristics of the
obtained features, the handwritten input data are
divided into 6 groups, as shown in section 2.2

2.2 Classification of groups

We can find the structural characteristics of
the handwritten numeral input data through
characteristic vectors which are obtained in
section 2.1. By classifying the handwritten
numerals into the groups which have the same
structural characteristics, the following
advantages can be obtained.

First, the data treatment can be easily made
by the equal number of feature clements in a
group. Second, the automatic classifying rule
generation can be handled by dividing the
complex objects into subgroups in which

numerals are similar each other. According to
the obtained characteristics, sample data are
divided into 6 groups.

Examples of confusing handwritten numerals
are given in Fig. 1 and Fig. 2. A right middle
SEP is not detected in (a) of Fig. 1, thus both
(a) and (b) are classified in Groupz which has 0
Loop and 3 SEP’s.
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Fig 1. Confusing Numerals 4 and 9 in Groupz

Table 1. Classification of Groups
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Nioop : Number of Loop
Nser ¢ Number of SEP

2.3 Automatic generation of classification

rules using GAs

Genetic  Algorithms the  search
algorithms which are based on the genetics and
‘the survival of the fitness’ in the natural
system. GAs have excellent capabilities,
especially in the areas of optimization and
pattern classification ™ In this paper, GAs are
used for generating the fuzzy classification rules.

Groups of section 22 is taken as an
example of automatic generation of rules using
GAs. Groups has one loop and 2 SEP's in
terms of its structural properties.

are

Among the handwritten numerals which are
classified into groups, a very confusing example
is shown in Fig. 2.

Let the coordinates of an upper SEP be
(X,Y)), a lower SEP be (X»,Y2) in Groups. It is



natural to deduce a rule by the locations of
SEP’s relative to the loop in Groups.
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(a) 4 (b) 6 (c) 9

Fig. 2. Confusing Numerals 4, 6, and 9 in
Groups

With the introduction of this kind of hurnan
knowledge, two coordinates of SEP’s can be
transformed as follows:

{Xy, Y1, Xz, Y2} = {XiLert, XiCenter, X1Right,
Y1Upper, Y1Msadee, Y 1Bottom,
Xatett, XoCenter, XaRight,
Youpper, Yanadie, Y2Bottom}

Therefore, the elements of a string for GAs
which are used for rule generation are 12 bits.
The membership function for generating the
fuzzy rules uses the statistical values of each
characteristic variables: minimum, average, and
maximum.

The string and fuzzy rules which represent
the classification rules obtained by using GAs
are shown in Table 2 and Fig. 3, respectivcly.

Each 3 bits of the string is one unit; center
"1" of 3 bit unit means "OR". and exterior "1”
means "AND”, Also "0" means that it is not
included as a variable for the rules.

In Table 2, the final values of 3 bits
classifying "6" "010" and ”100" and the
others are same. Therefore, the fuzzy
classification rules for "6" can be made such as
“000 100 100 110"

The generated fuzzy classification rules are
used as an effective one so far as they have no
mismatch. And then we accumulate the fuzzy
classification rules until a required matching rate
is obtained. Unless the desired rate is obtained,
the classifier will require even more characteristic

are

Table 2. Strings representing Fuzzy Rules

String Rule Pattern
000 100 000 001{ Rule 1. "4"
000 100 100 010| Rule 2. 6"
000 100 100 100! Rule 2. "6"
100 011 000 001} Rule 3. "g”
Rule 1.

IF Y1 is Upper, AND Y2 is Lower,
THEN it is "4".

Rule 2.
IF Y1 is Upper, AND X2 is Left,
AND Y2 is Middle OR Upper, THEN

it is "6".

Rule 3.
IF X1 is Left, AND Y1 is Middle
OR lower, AND Y2 is Lower,

THEN it is "9".

Fig. 3. Fuzzy Classification Rules of
Groups generated by GAs

vectors. In this case, the designer should add
more effective characteristic vectors and obtain
an adecquate fuzzy classification rule for the
additional characteristic vectors.

3. RESULTS OF RECOGNITION

To test the effectiveness of the proposed
method, it is applied to 330 handwritten
numerals obtained from 11 people and 84 printed
numerals. Table 3 shows the results of
recognition for the 3~6 groups when the less
significant groups are either excluded or added.

For the printed numecrals, all numerals have
a loop and the obtained SEP’s are less than 5.
For the handwritten numerals, the highest
matching rate of 97.58% is obtained when the
samples are divided into 6 groups in which all
have similar feature values. The rate can be
improved by adding more features.

The result of the experiment demonstrates
the use of independent classification features is
more effective method.



Table 3. Recognition results

Number of| Printed |Handwritten
groups Numerals Numerals
3 83.33% 51.27%
4 100% 80.61%
5 89.45%
6 97.58%

4. CONCLUSION

In this paper, the problems of feature
extraction and the reduction of characteristic
vectors are solved by wusing the relative
coordinates of SEP’'s and a loop as feature
values. Also by dividing the whole sample into
subgroups where data have similar feature
values, the classification rules can be generated
with less computation using GAs. In this way,
we can extend the sample data to the whole
numerals with little additional groups.

The classification method of this paper can
be extended and should be applicd to the
handwritten alphanumeric data to confirm the
effectiveness.
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Appendix
Samples of handwritten numerals used for tests
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