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ABSTRACT

In this thesis, the development of methods of automatic
recognition system to directly read machine printed Thai
characters for préparing the data of computer is presented. In
the three major subsystems of the recognition system, on the
electrooptical converter subsystem, it does not take account in
this thesis. .

On the preprocessor subsystem, to reform the data suitability
for the operation in the recognition sqbsystem, techniques of
segmentation of Thai characters from sentences are described, and
then the techniques to réduce the data of each character as small
ag possible for saving the storage area of computer are also
described. . ‘ ‘

Thegis is emphasized on the recognition subsystem, and both
matching method and structure analysis method are presented to
get the best method for printed Thai characters recognition. For
the matching method, since there are many similar characters in
printed Thai characters, and in order to get a high recognition
rate, the recognition system is separated into two stages.

In the rough classification stage, fine features and noises
are ignored by adding blur to characters. The blurred characters
are separated into some cluster domains. The clustering
criterion used is based on selection of the patterns by measuring
theé similarity coefficient. The Karhunen—Lque expansion is
applied to get a standard pattern of each category.

In the fine classification stage, there are two methods to

discriminate between the characters, the first one, subpattern

matching is used to discriminate the characters. The second one,



the 1linear decision functions on the eigenvector space of
Karhunen-Loeve expansion are constructed to discriminate the
characters in a category.

For the structure analysis method, the recognition system is
also divided into two stages. In the rough classification
stage, a thinning techniqpe is applied to eliminate noises and
fine features. |

The thinned characters are separated into cluster domains by
using a linear decision function based on height and width of
each character. In the fine <classification stage , the
*connected numbers" of points in the character pattern are
computeéed.

Topological properties of characters in the form of *connected
number® which represent end strokes, branch strokes, connecting
strokes and so on show difference among the characters. These
properties are’used 4to discriminate the characters in a category.

A high recognition rate of printed Thai characters
recognition is obtained from a matching method, because no
ﬁmbiguity occurs in the procedure of recognition by’ using K-L
expansion.

Even though there was much labour with printed Thai
characters recognition by using topological properties of
charactérs! but the recognition rate is high enough for character
recognition, it is still walid approach for printed Thai
characters recognition.

The results of recognition of both methods and of both rough

and fine classification are shown in this thesis.

.
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i. INTRODUCTION
1.1 Character pattern recognition background

Recently, due to the widespread propagation of computers
and their high performance, amount of data to be input to
computers is inéreasing year by year. In spite of -development of
new data entry equipment such as Key-to disc and Key—-to-MT, data
entry is still predominately dependent upon Key—punchers.
However, because of the shortage and high cost of Key-punchers,
data entry has become the serious bottlieneck in data processing.

One of the best probable solution to solve this problem is
the development of an OCR (optical character reader) which
directly reads machine printed characters and handprinted
characters without Key-punchers. In the U.S.A and Europe, the
OCR’s for machine printed characters have made great progress
because of the wide use of typewriters. The situation in Japan is
different 1in that almost all source data are.mainly handwritten
chinese characters. Therefore, the OCR’s for handwritten
characters have been mainly developed in Japan.

In the case of Thailand , typewriter has also been widely
used, therefore, this thesis has proposed the procedure to

develop the OCR for printed Thai characters recognition.
1.2 Character pattern recognition method

An OCR system (i) such as shown in Fig. 1, is made up of
three major subsystems: an electrooptical converter, a

preprocessor, and recognition method. The electrooptical



converter scans the characters and converts them into electrical
signals for further processing, and at the same time, to filter
the noise out from them. ‘ ~

The preprocéssor examines theJoutput of the scanner and
performs quantization. In addition, the preprocessor will reform
the signal suitable for the operation of recognition method and
for easier to store them.

The recogni tion method examines the output of the
preprocessor, locates and separates the data derived from each

character, and then processes these data to determine the

identity of each character.

Electro- Recog- .
N\ o
optical [ Preprocessor [} nition [ Thai
converter method

FiQ.l Major components of an optical character recognition

system are shown between "input" and "output®.

In this thesis, on the preprocessor, some techniques are
used to reduce the data as small as possible for saving the
storage area of computer , and some techniques to reform the data
suitability for recognition method. This thesis emphasizes on
recogni tion method, we proposed three procedures to develop the
OCR for printed Thai characters which will be described in next

section.



Character pattern recognition methods (2) are generally
divided into matching method and structure analysis method. The
matching method i8 an effective tool for the solution of
problems in which the patterns include noise but exclude
rotation, whereas structure analysis is employed in the opposite
case. As there exists noise, arising from an imperfect paper
sutrface and interruption in the line of printed characters, a
matching method is usually used. For the case of handwritten
characters, their shapes are rotated according to the writer, and
structure analysis is usually used.

Since there are many similar characters in printed Thai
characters, and each characger is composed of many convex and
concave arcs , it looks liKe the handwritten character, therefore
in this thesis, both of the recognition methods have been tested.

The structure analysis method for printed Thai characterers
recognition has been proposed in the paper (3), (4. In the
paper (3), & recognition method of printed Thai character by the
structural analysis of their contours has been described.
Digital contours of characters are encoded according to
directional differences of contour tracing, then, arithmetic
operations are applied for extracting concavities and cohvexities
of the contours. Several geometric features of concave and
convex arcs are used to calculate similarities of the arcs, then,
a pair of the most similar arcs between a model and an input
character is determined from the similarities. \ﬁowever the
concavity and convexity extraction did not work well for low
resolution characters. Further, the features used in it were not

sufficient for classifying similar characters.



A a modification of the method (3), an effective extraction
method of cohcavities, convexities and features for the
recoghition of low resolution Thai characters has been -reported
in thé paper (4). Freeman chain code and directional differences
of contour tracing of characters are utilized for extracting
concavi ties -and convexities. Each arc is then segmented by
pointgd at which the arc bends. Sdéveral local features“of arcs
are extracted, and are used to calculate similarities between
arcs. Then, a pair of the most similar arcs between a model and
an ihput characters is detected. The recognition is made by
detecting similar arc pairs from the characters. However, the
detecting similar arc pairs from the characters of this methods
is very complex, then, it is very difficult to obtain the optimum
result in recognition,. and it takes much of the computation time
of matching.

The recognition method by tree grammars has been done with
Korean characters (3. This method is very difficuit to do with
Thai characters, because there are no fundamental strokes in Thai
characters and ng rules to compose the fundamental strokes be the
character. Thai characters almost compose of only on stroke.

Fur ther more, the structure analysis by feature concentration
method has been treated with handprinted numeral rcognition at
the electrical - communication laboratories of Nippon
telegraph and telephone public corporation Japan (&), that method
examined on both their strokes and background of strokes of
charactet.

The structure analysis method by using topological properties
of characters for printed Thai characters recognition in this

thesis examined only the strokes of characters, hence the



compliexity in procedure is decreased.

To reduce the recognition time ;nd to get high recognition
rate in this m;thod, it }s divided into two stages which is the
original idea in this method.

In the rough <classification stage, all printed Thai
tharacters are separated into cluster domains by using a 1jnear
decision function based on height and width of each character.

In the fine classification stage, topological properties of
characters in the form of " connected number® which represent end
strokes, branch strokes, connecting strokes and so on show
difference among the characters. These properties are uséd to
dis¢riminate the characters in a group.

The matching method has never been used with printed Thai
characters recognition. Therefore, in this thesis, printed Thai
characters recognition method emphasizes matching method’

In the view of character recognition, Thai characters are
said to have roundness and are relatively simpler than Chinese/
Japanese, and then, ‘there are smaller number of effective ‘
features to discriminate *similar characters” than Chinese/
Japanese characters. Most of characters have small holes (called
head of character), and few characters are separatéd into two
subpatterns. Therefore, it is necessary to develop efficient
feature selection method. The K—-L expansion is one of the best
way to have features from the pattern set in which patterns are
distributed in the form of normal distribution (7) , Hence, in
matching method of this thesis, the experimental approach has
used the K-L expansion being a tool for discriminating printed

Thai characters. -
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Since there are many similar characters in printed Thai
characters, and in érder to get a high recognition r§¥e, the
recognition system in matching method for printed Thai characters
is separated into two stagés_(@hich is the original idea in this
method). In the rough classification stage, +fine features and
noises are ignored by adding blur (original idea) to characters.
The blurred characters are separated into some cluster domains.
Thé clustering criterion used is based on selection of the
patterns by measuring the similarity coefficient. The Karhunen-

Loeve expansion is applied to get a standard pattern of each

~

category.
In the fine classification stage, there are two methods to |
&

discriminate. the characters in a category, the first one,.
3
subpattern matching is used to discriminate the characters. The’
¢
sécond one, the linear decision functions on the eigenvectoq

space of K-L expansion are constructed to discriminate thg

characters in a category.

1.2 Summary of printed Thai characters recognition method

Printed Thai characters recognition method can be summarized

by comparing. with each other as shown in table 1 and table 2.



Table 1 :

11

Summary of printed Thai characters recognition

using structure analysis method

i e,

Characteristic¢

Method

Using contour trace

(3),(D

Using }dpologicgl

properties(in thesis)

Feature selection

convex and concave

ef strokKes

ta

3

end,branch,connecting

strofes, etc.

2-

Using code

Freeman chain +code

Y
connected number code

3.

Using process

only one process

rough and fine

classification stages

4. Noise eliminating one arithmetic ' thinning process
method operation “ .

5. Complexity in the much less
process

6. Implementation not simple simple

programming

Classification of
most similar

characters

successful

not successful for
some characters, it
is necessary to use

other criterion

classify again.

Application for

on—-line recognition

easy

not easy

Dimension of

experimental data

SBXSﬁ;bfxePs

128Xé4 pixels

19

. Both methods can be

applied for retognizing other characters.
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Table 2: Summary of printed Thai characters recognition

using matching method

s

Characteristic

Method

Subpattern matching

Classification using

K-L expansion

Feature selection

explicit pieces

among characters

linear decision

showing most different function on eigen-

vector space of K-L

expansion

Using process

rough and fine

classification stages

rough and fine

classification stages

Kind of method

hueristic method

mathematic method

4. Noise eliminating

method

reducing gray level,

blurring method

reducing gray level,

blurring method

S. Standard pattern get by using K-L get by using K-L
expansion expansioq
é&. Improving rough by using Hlurring by using blurring
classification method, me thod
7. Saving recognition | by datéhing‘@ith by matching with

time

standard pattern and

subpattern

standard pattern and

by using decision

function
8. Experimental approach ves yes
9. Ambiquity in the
process for getting yes no

the best result
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Table 2: Summary of printed Thai characters retognition

(continue) using matching method

Characteristic ' Method

subpattern matching classification using

K~-L expansion

18. Classification of | successful successful but it is
most similar necessary to use
characters subpattern including

in K-L expansion

11. application for not easy easy
thandwritten
character recog-

nition

12. Application for | easy easy
other characters

recognition

1.4 Thai characters and experimental data

Thai characters, as shown in Fig.2, consists of 44
consonants, 19 vowels, 4 controled voice tones, 18 Thai numerals
and 3 special symbols. The Thai language sentences, such as that
in Fig.3, are composed of consonants, vowels and controled voice
tones, on different levels. The vertical level can be divided
into four parts as shown in Fig.4. However, as can be seen by

inspection, sometime, depending on the printing machine or hand
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i

74

18 44
28 24
35 439

N @
“ N

53

consonants

25 30
43 40
vowels

Q \

controled voice tones

L eV
69 70

+
71

special letters

o’]

75

6'/

72

Tha1 numerals

oca@md&

Fig.2Thai character set
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45 48
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56 57
77 78
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¥ |

149)6) JLL6 &

<— 128 [pixel] —>

Fig.3 Anexample of Thai language sentence

controled voice

tone >< .

XX
XXX

K
non n i

X
f
q)

CL X

vowel j><: :><:
r
U

Fig. 4 Composition of Thai character word or sentence
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writting <(see Fig.>, a wvowel can be situated above two
cohsonants. As another special case, if there aré no vowels above
consonant, .controled voice tones can replace those vowels.

The consideration of Thai word is different from an English
word. The blank space can not be used as the separation between
two words, because the blank in Thai language indicates the
termination of a sentence. There are many rules for separation
the word. The history of Thai language was influenced by Pali
and Sanskrit language. So, the composition and pronunciation of
the word are very complex. The complexity of the word is cone of
the cause of difficulties of Thai characters recognition. There
are, nevertheless, difficulties, particularly where there are
many similar characters.

All Thai characters and some sentences of Thai languaged are
printed on ordinary paper and them fed to be input of a Kind of
optical character reader. This machine automatically changes the
grey level of each character to be electrical analog signals.
These signals are free from the noise by spectal band-pass
filter. The new class RC active filter as shown in appendix 3 can
be used as this band-pass filter.

The filtered signals are converted into digital signals by
Analog to Digital converters circuit which each pixel is
represented by one bit of hexadecimal code. Each character is
divided into a matrix of 128Xé4 pixels as shown in Fig.é6. Each
point of these matrices is represented by four bits of binary or
one hexadecimal number corresponding to its grey level. These
binary data are recorded on magnetic tape as experimental data.
The recording format is shown in Fig.7.

To give further experimental data, the hexadecimal wvalue for



17
vowel

) o s AREAED
____I ];_ v ’ #P
consonant no.] consonant no. 2

Fig. 5 Examle of Thai word

Vowel is situated
above both consonant
no.1 and no.2

-F 16 levels

scanning direction
of machine 1

& :j
<3 o
e |

128

64 v

Fig. 6 Bit pattern of a character

33788 .
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oyte ' g byte
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saw1} 49

”[' SITIENY 'll‘lif
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:7
f(>mnug

)

¥bit/pixel _gl,'::;

- o s e - |- - -

=

V"\\~§__,______,————~J AR

1y
TUN

L=

Fig. 7 Recording format of magnetic tape

- v ol o o

SAMPLING

3
SEGMENTATION
4

REDUCED PATTERN . J

4

ROUGH CLASSIFICATION

ISOLATED
CATEGORY ?

NO
FINE CLASSIFICATION

Fig. 8 Sequence of recognition method
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each point in the matrix is converted to one binary bit, i.e. 0
in hexademal becomes 8 in binary but other hexadecimal wvalues
become 1 in binary. Therefore, 8 represents a white level, and 1
represents black level. However, 1in some cases when noise
elimination is necessary, 1, 2, 3, 4 and 5 in hexadecimal may
become @ 1in binary, and other hexadecimal values become 1 in

binary.
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2. SEQUENCE OF RECOGNITION METHOD

Sequence of recognition method geperally can be divided into
two stage$;‘ dictionary design stage and the decision unknown
stage. In dictionary design stage, the sequence of recognition of
printed Thai characters is shown by a flowchart in Fig.8.

The sample Thai characters in a form of sentence are
transfered from magnetic tape into main memory of computer. A
pattern of each character is pulled out from the sentence by a
technique in which the features are extracted by one-directional
scanning, performed in the vertical and horizontal directions,
respectively.

After we have the pattern of all Thai characters, the
reduced pattern procedure can be started for eliminating the
noises and for saving the storage area of computer, This
procedure will be described in the following section. Each
pattern of all Thai characters has been stored individual <(not
in the form of sente;ce) in magnetic tape. In other ways,
eliminating the noise can be done by, an example, converted
hexadecimal 1, 2, 3, 4, 5 into @ in binary, and other hexadecimal
values into 1 in binary. .

In the rough classification stage, the reduced patterns are
grouped by the clusfering techniques. If a category has only one
member, the pattern of that member is Kept to be a standard
pattern in dictionary. 1If a group has two members or mwmore, a
standard pattern will be determined by a special technique.

In the fine classification stage, we must set new criterion

again to find a standard pattern of each member, and that pattern
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is Kept to be a standard pattern in dictionary again.

In the decision unknown stage, the sequence of procedure is
as the same 1in the design dictionary stage, but the unknown
pattern input must be in the form of sentence. Each pattern 1in
that sentence will be compared with a standard pattern of
dictionary in both rough classification and fine <classification
stage.

The method of comparision depends on the algorithm of
decision method which will be described in the following section.
The sampling, segmentation and reduced pattern processes of this
flowchart are treated in the preprocessor subsystem, and rough
classification, +fine <classification stages are treated 1in the

recognition method subsystem of Fig. 1.
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3. PREPROCESSING

Preprocessing performs (i) eliminating the noise (ii)
saving the storage area of computer (iii) improving the data or
features for increasing the reliability of the decision of
unknown pattern. The procedures of preprocessing are described in

the following section.
3.1 Segmentation of Thai characters from the sentence

The segmentation of Thai characters from the sentence must
be done before the decision unknown pattern process. Because the
construction of a Thai word, as shown in Fig.4, is different from
an English word, we -cannot separate the characters by scanning
only in the vertical direction. In order to separate characters
from the sentence, it is necessary to scan in both vertical and
horizontal directions. The procedure of segmentation as shown in
Fig.9 is as follows:

(i} scan along the pattern of the sentence in a wvertical
direction to find the space, and pull out the data between two
spaces

(iiY scan again along the data taken by item(i) 1in a
horizontal direction, the pattern of each character is to be
found between two spaces{

(iii) 1in particular cases, if the width of pattern of the
character is larger than a threshold value , it is necessary to
scan to find the spaé; one more in a vertical direction along

s *

that pattern.,
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The procedure (ii) is difficult to use with a pattern such
as that in Fig.18C¢a), because the scanning only in a horizontal
direction does not succeed. In such a case, as scanning traverses
the 'pattern”in a horizontal direction and encounters 1‘s data,
the. scanning must then turn to the vertical direction above or
below that datum to find 8/s data before returning again to
horizontal scanning. So a combination of vertical and horizontal
scanning is necessary in this case to separate one character from
the other. 1If this fails, then it is treated as another standard
pattern for furthur matching with unknown patterns, such as the
pattern as shown in Fig.16(bJ.

Before the operation in the procedure(iii} will be started,
the maximum width of Thai characters must be Known. We can find
the. maximum width of characters from a graph which shows the
relation the height and width of characters. This graph is shown
in the following section.

From the data which are the results of this segmentation,
we .can obtain other experimental data by shifting or rotating
those data. We will also show the operation of shifting or

rotating the data in the following section.
3.2 Reduced pattern

The best recognition method is necessary to use the storage
area of computer as small as possible. The reduced pattern is the
resul ts of ones of the process in the preprocessing, and then the
storage area for storing these patterns is decreased. To obtain
reduced pattern, it can be done in two ways;

1> The procedure of reduction Keeping only one of four
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neighbouring 1“s is used, 1i.e. if the binary walues q(i,j’,
qCi,j+1>, q(i+l,j) and q(i+l,j+1) are neighbours with each other,

and RP is identified by
RP = (qli,j> + qCi,j+1) + Qi+l ,j» + qgqli+l,j+1))o/4 + 8.5

The result of reduction is the integer part of RP. If the method
to store only 17s data is used, then the storage area of computer
is decreased.

2) The pattern of a character is reduced by reducing the
gray level, +for example, the gray levels represented by 8681,
8818 are reduced to 88686, others are reduced to 86861 etc. Then
the method to store only 1°s data is used, the storage area of
cofiputer is decreased and also noise is eliminated.

Fig. 11¢a> shows oﬁiginal pattern data. Fig. 11(b) shows
reduced pattern data which are the result of RP. Fig. 11(c) shows
reduced pattern data which are the result of reducing the gray

level of data.
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equation RP as described in the text.
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4. MATCHING METHOD FOR PRINTED THAI CHARACTERS RECOGNITION
. 4.1 Rough classification in the matching method

Since there are many similar characters in printed Thai
characters and in order to get a high recognition rate, to save
the reconition time, it is necessary that the recognition system
is separated into rough and fine classification stages.

The rough classification of printed Thai characters
recognition by matching method is the operation of clustering atll
printed Thai characters by dividing 1into the groups. The

operation of clustering is +first to measure the similarity

between all characters. If we let fqg be a given pattern, %
e the unknown pattern and S+, f ? be the similarity
between two characters. The definition of S(fqs , & > is
C fpg - fx 2
Sifg » § I = D

s I

where the scalar product (fo . & 2 is represented by

ns nS(i,j) . fx(i,j) ) 2)

Cf . £ ==2%‘?; C£

and the norm "¥“ is

<1 ViE. (3
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If we let one character to be a giwven pattern and other
characters be to unknown patterns, then the similarity wvalue Iis
computed by eéquation (1).

The second, after the similarity of all characters are
Known, the clustering can be done by setting the criterion based

on the following equation:
S{fpg ,fx > 2 T M)

Where T, is the criterion decision value (threshold) of n th
group , and if equation (4) is satisfied, f 1is a member of n th
group. A group is called "a category”, and the data fy which
represent each character or each member are called "a «class”.
The relation between category and class can be shown clearly by

the Fig. 12.
4.2 Blurring method

In ordev to get more easily the criterion decision value of
the group, and increase the reliability of the decision of
unknown pattern, it is necessary to eliminate the different fine
features between Thai characters. The blurring method is one of
processes to serve this purpose, and also eliminate the noise.

A blurring method is illustrated in Fig.13Caj). The bit
pattern 1is scanned in a horizontal direction from the first to
the last row, as 1“s data are encountered, the neighbouring data
are also converted to 1. The blurring method ascribes the name
‘blurred level 1/ as scanning is compieted once on the pattern,

in the same way “blurred level 2’ is the name of a pattern which



/
Numbers refer to character numbers given in Fig.

categories

!6 49

« classes

Fig. 12 The relation between category and class
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is blurred twice and so on. As the btlurred level is increased,
the fine features of a character are decreased, and noise is
eliminated.

The example of blurred pattern character as shown in
Fig.13(b>. "%® means the original bit pattern, "1" means the b1t
pattern from the result of “blurred level 1", in the same way "2"
means the bit pattern from the result of "blurred level 2" and so
en.

In order to improve the results of blurring method, the
reduced pattern by reducing the gray level is used 1in the
procedure of blurring. This is called " improved blurring
method". And then the similarity between blurred characters 1s
improved. Table 3 shows examples of similarity between <come
characters. Table 4 shows similarity values between blurred
characters at any level which derived from original pattern
(original pattern means the pattern without reducing gray level),
and shows similarity values between blurred characters at any
tevel which are derived from reduced pattern <(reduced pattern
means the pattern with reducing gray level). It is clear from
Table 4 that the similarity values between reduced patterns at
blurred lewel 2 become the same as the similarity wvalues between
original patterns at blurred 1level 5, indicating that the
recognition time is reduced if the reduced pattern is used.¥

The results of clustering by using equation (4> are shown in
Fig. 14, These results are not good enough for the aim of
rough classification because some characters belong to the member
of many categories. It is necessary to adjust the members in
each category again by wusing their height and width of

characters. By investigation, the characters which have nearly



Table 3: Examples of similarity with blurring level 5

n Q. b 2 3 3 i Q Q f
N 1211314 15 16|17 |8]|19] 2
1.00 |0.93 {0.85/0.86| 0.75|0.83 [ 0.85|0.78 { 0.83|0.90 |y 11
1.00 {0.88]0.88| 0.82]0.86 | 0.86 | 0.83 | 0.88 | 0.96 |4 12
1.00{0.87| 0.75]0.80 { 0.88 |'0.91 |0.88 | 0.96 |5 13
1.00| 0.80 | 0.88 |0.95 {0.81 |0.87 |0.88 |y 14
1.00 | 0.85 {0.77 | 0.72 |0.79 |0.82 |, 15
1.00 |0.85 |0.76 [0.84 |0.86 |4 16
1.00 {0.82 |0.84 {0.88 |4 17
| 1.00 |0.90 |0.86 |, 18
1.00 {0.89 |5 19
1.00 [P 20

Table 4 : example of similarity (characters g and | of Fig.2)

Blurred

level 0 1 2 3 4 5
Original

data 0.72 0.82 0.87 0.91 0.92 0.94
Reduced

data 0.75 0.89 0.94 0.95 0.95 0.95




roup of character

N

G
D100 RCIGIOND

TEORD
CAOED

ss_57)  (eg 10) AL

character number

threshold value = 0.94 blurring level = 5
Fig. 14 Example of grouping characters

Numbers refer to character numbers given in Fig. 2
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same or same height and width must belong to only one category.
And then the results of clustering of characters are shown

in Fig. 15C¢a). In categories which have only one member, rough

classification stage 1is the final recognition as shown in Fig.

15(b)

4.3 Standard pattern by using Karhunen-Loeve expansion

- To save the récognition time in the process of fine
classification stage by matching methed, it is necessary to find
the standard pattern which represents a category for matching
method. One of processes to find the standard pattern is the K-L
expansion.

The adjusted members in each category of Fig. 15¢a) are
transformed to a unique appropriate pattern by the Karhunen-Loeve
expansion.

The Karhunen—-Loeve expansion is a method that presents the

expansion of a random wvector 1in the eigenvectors of the
covariance matrix. In the context of pattern recognition, the
coeficients F , H , ..... . , [ are viewed as a feature

representing the observed wvector. The covariance matrix is

defined by

T
V =g F F >/ ~ (5
i j 1 J

An eigenvalue (A > and eigenvector (P) of these matrics are
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determined from the equation
VP =2¢f (&

The eigenvector of the maximum eigenvalue is a first principal
component (equivalent to standard pattern) of each category which
is used to be a dictionary of rough classification.

The characters in each category of rough classification are
transformed by the Karhunen-Loeve expansion to function as a
standard pattern of each category. There are two ways to
calculate the eigenvectors and eigenvalues of category.

lLet n be the number of pixells in a pattern ﬁ., m be the
number of patterns in a category i . A pattern ﬁ iz presented as

a vector IFI: or Gi as follows; (see Fig. 1&

N TR TP T

£ £ £ Ot »

itn * fiog oeees Fion o i

’ t
& (g ,g ’-IIIIIIIIIIIIIIIIII’g )' (8)

i i1 i2 iN

where N = mXn , a matrix@ which represents the pattern of a

category is defined as follows;
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Fig. 16 Schematic presentation of ﬂf or &
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Fig.1g Dimension of matrix ¥ =& .&
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911 921 931............gm1

912 922 932..-.-..----Qm2

G sncecssnnsesg <

glllll.lll-llg

in ’92n 3n an

The elements in each column represent the pattern of each member
in a category. .

A matrix which is used for calculating eigenvalues and
eigenvectors can be defined by two ways. The first one is defined

as follows; (see Fig.17?)

T
V =G & (18>

' g, . (11>
9 1
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Eigenvalues of higher order than m+1 in the matrix become 8,

the one can write

AL XA 22N LD =A cere =D =0 (12)

In second way, a matrix is defined as follows; (see Fig.18

’ T
vV =& @& (14

n
V. = (15
1 k% ik P

In the second case, it is easy to calculate the eigenvalues
and eigenvectors, because the size of matrix \;is much smaller
than the case ofVW. To obtain the eigenvectors in the N = mXn
pixells form, it 1is necessary to develop f(to € with a next

equation.

‘e ;) 7
Ve A€ (16

seeanas > (17>
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;é > ); 7 ’,
1 — 2 Z hB L---.-------z%m (18)
f / (P\ s 1 ( /1
=1G.C =11 g,, 59, con= e, (19
1 — W, 3 —n H
i i1 = | 9117921 i i1
VX x
/
Pin %n %0 % ()im
y L JL )

Fig. 19¢a) shows patterns in a category No.5, and Fig.19(b
shows an eigenvalue of category No.5 which derived from the
Karhunen-Loeve expansion. Fig 12(c)» shows a standard pattern of
category No.5.

The 1learning pattern of characters (all of characters in
Fig. 2) are matched with standard patterns of each category to
test the recognition rate. In other words, .a rotation of -5 of
.the learning pattern of characters are also matched with standard
patterns. ) The results of testing are shown in Table 5, the
percentage of rejection and error are high. To improve rejection
and error, the rotations by =5 of the 1learning pattern of
characters are included to the K-L expansion to have new
eigenvectors which will be used to new standard pattern. The
resul ts of testing with new standard Patterns are shown in Table

6-
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Fig. 19 Categoery no.5
(a) Patterns in a category no.

5 (refers to Fig.16(a))

(b) Eigenvalue of category no.5

5

(c): Eigenvector of maximum eigenvalue of category no.

vwhich equivalent to a standard pattern of category

no.5



Table §: Result of testing for rough classification

Pattern Correct Réject Error
% % %
Learning 100 - -
Rotation 94.0 4.8 1.2
(-5)
Rotation 94.0 | 6.0 -
(+5)

Table §: Result of testing for classification

Rotation deg. Correct Reject Error

2 % %

0 100 - -

-5 98.8 - 1.2
+5 98.8 - 1.2

M . . . .
Karhunen-Loeve expansion including rotation pattern
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4.4 Conclusions of rough ciassification

1.) The advantage of rough classification in the matching
method is that the recognition time is decreased by matching with
only standard pattern, does not match with all pattern in a
category.

2.) It can be said that the K-L expansion is suitable to
perform a standard pattern of a category in printed Thai
character recognition.

3. From Table 4, it can be summarized that

(i) The similarity value between reduced data is
greater than the similarity value between original data.

Ciid If the blurring method is treated with reduced
data, and then similarity value between this result is compyted.
The similarity value increases more.

(iii) It 1indicates that the determination criterion
decision walue of clustering characters is easy, and a high
récognition rate can be obtained.

Ciyd Using Blurring method and. reduced pattern as a
tool for clustering characters is another advantage of
recognition method in this thesis.

4.) The result of testing for rough classification is
1800, successful of only learning pattern without rotation.

9.7 Even though the resdlt of testing of learning pattern
with rotation for rough classification is not good enough, if
rotated patterns are included in the process of deriving K-L
expansion, rough classification is improved. It can be shown that
this rough classification method can be used in the préctical

case.
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&) Training patterns for testing rough classification
compose of original pattern (the pattern is derived in section
1.3, +5 degrees rotated pattern (original pattern which |is
rofated +5 degrees) and -5 degrees rotated pattern <(original
pattern which is rotated -5 degrees) of each character in Fig. 2.

7 The result of testing for rough classification is
high enough for character recognition as shown in table 6.

8.) FORTRAN programming is used in the implementation of
rough classification with FACOM M-368R FUJITSU computer, 4MB.
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5. FINE CLASSIFICATION IN MATCHING METHOD
5.1 Fine classification by using subpattern matching

After we have the category of printed Thai characters as
shown in Fig. 1{3(a), the next step in the sequence of character
recognition confronted the method of fine classification to

discrimindte the character pattern in each category.
3.1.1 Partial matching

One method can be done by template matching (partial
matching). How can we design the template or features which can
be used in the matching process ? The heuristic approach is based
on human intuition ahd experience, making use of the detection of
features or explicit pieces such as the number and sequence of
particular strokes which are most different among the characters
in a category.

The results of design features as shawn in Fig.280 are used
as standard patterns for matching with the pieces of unknown
pattern which are in the same position. ﬁﬁich piece is determined
depends on the particular category of which the unknown pattern
is a member. The position is measured from the centre of gravity
of the pattern, and the dimension of explicit pieces are selected
by visual inspection.

The number of explicit pieces in each character are wvaried
with respect to the categories, for example, Fig.28(a) uses only
one piece, Fig.28(d) uses two pieces etc. The summary of a

design explicit pieces can be devided into mode { and mode 2 as
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shown in Fig.21.

5.1.2 Centre of gravity of character pattern

The centre of gravity of pattern of each character is

computed by the following equation

L X iF(i,j)

& = J ! (26>
= F(i,j)
J i
E X §F(i,))
i ] -

Iy = — (213
T F(i,])
1 J

where F(i,j> is the pattern of the character and Iy and & are

the coordinates of the centre of gravity.
5.1.3 The procedure of partial matching

The procedure of subpattern matching (partial matching is
done by the calculation of similarity between the explicit pieces
of Fig. 28 and the explicit pieces of unknown pattern (by using
the equation(i>>, and then-set the clustering criterion based on

the equation (4).
5.1.4 Conclusion of partial matching

To get the best fine classificationy, in some categories we

tried several times to change the position, dimension and the
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number of explicit pieces. The results of fine classification are
shown in Table 7, the percentage of recognition correctness of
learning pattern and of the rotation by +35 1is 188X, only that of
the rotation by -5 1is less than 168X. The training patterns for
testing fine classification are the same as wused in rough
classification. Even though fine classification by partial
matching gives the results 188X but an ambiquity in the process
of selecting explicit peices can occur.

1¥f we can reduce the dimension of explicit pieces, and can
reduce number of explicit pieces in the category, more saving of
storage area in recognition dictionary and more reducing the

recognition time are obtained.
5.2 Fine classification by using Karhunen-Loeve expansion

In the section 5.1, the fine classification stage, there is
an ambiguity 1in the process of selecting the optimum explicit
pieces of subpattern matching. The higher order eigenvectors
apart from the maximum one which have been computed in the rough
classification stage are not used.

In addition, it has been Known that the K-L expansion is the
method of optimum feature selection from a character set in which
patterns are distributed as a normal distribution (7> . Therefore
in this section, the eigenvectors in higher order of the K-L
expansion are used in the f;ne classification stage. Even though
the distributions of Thai characters are not Known a priori on
the original pattern space, the real distributions of the pattern
are kKnown by plotting each pattern on the eigenvector spaces

derived from the K-L expansion having lower dimension than the



Table 7 Result of fine classification by subpattern matching

Pattern Correct Reject Error
% % %
Learning 100 - -
Rotation 98.2 1.2 -
(-5%)
Rotation 100 - -

(+5°)

53
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original .pattern space.

In our experiment, the scores (the inner product between a
character pattern and an eigenvector of a category) are plotted
on eigenvector space of the K-L expansion. By investigation of
the score plot of pattern, the linear decision <function for
discrimination the pattern clisses can be tonstructed. By using

this process, the fine classification would be done successfully.

5.2.1 Karhunen-Loeve expansion with score plot on

eigenvector space

The application of discrete K-L expansion to feature
selection 1s based on the optimal results where the pattern
classes under consideration are normally distributed. However, if
this assumption 1is not valid, only suboptimum results may be
expected from the K-L expansion (7). ke will make use of the K-L
expansion in carrying out fine classification.

The covariance matrix in the K-L expansion as shown in
equation (35 , it iﬁ in the case of the expected value E(IF ) # @.
So, - we can define the covariance matrix in the case of the

expected value E(IF > = 8 by the following equation

™m
W =(ii_'.1 (F -FXF -F) ), m (22)

where m is the number of patterns. The eigenvalue (A ) and

eigenvector (‘P ) of this matrix is also determined from the

equation (47 .
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Score plot of the character patterns on the eigenvector
space of the K-L expansion will be used to know the distribution
of character patterns in a category. The score of character

patterns can be defined by the equation

x5 = rFi(E} (23

In our experiment, to choose good results of fine
classification process, “the score plot" has been done in four
cases. 1In addition, the artificial patterns are added into the
experimental character set of a category for all four cases. The
artificial patterns are obtained by 1-bit shifting (shift right,
shift left, shift up, and shift down, respectively), by rotating
-2 degrees, and by rotating +2 degrees followed by shifting 1-bit
of the original patterns, respectively. The four cases of K-L

expansion for fine classification can be described as follows.

The first case, covariance matrix is computed directly by
using equation (3). Eigenvectors are computed by using equation
(6> , and the scores are computed by using equation (23),"

respectively.

) . . . L .
The second case, covariance matrix is computed by using the

equation
m ~~T
vV-2(E®) /m (24)
k=1
~

ﬁi is the mean oflﬁ‘ of the artificial patterns together with the
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original patterns. The number of patterns for the calcutation of
the matrix in the category of this case is different <from the
first case, that is, thé number of patterns in this case is equal
to the number of characters in a category, but the number of
patterns in first case equal to the number of characters in a

category including artificial patterns.

The third case, covariance rhatrix is computed directly by

using equation (22).

The fourth case, covariance matrix is computed by using

equation

m ~ ~ ~ =
V =(Z (F, -E)XF -E) ) /m (25)

i=1

~ ~y
where lFl is the mean of lFl in a category. The eigenvectors are

computed by using equation (&4 , and the scores are computed by
using equation (23).

In equation (24>, the expected value E(I'F"T< y £ 8, but in
equationh (23> the expected value E(ﬁf > = 9.

The expansion of all four cases can be illustrated by the
Fig. 22.

The results of "the score plot* in the first case are shown
in Fig. 23¢a through <(d», in the second case 1is shown 1in
Fig.24(a> through (d>. The typical result of score plot in the
third case is shown in Fig.23, and the fourth case is shown in

Fig.26.
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Fig. 22 Expansion of scores of all four case
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of original pattern shifted right by 1 bit

of original pattern shifted left by 1 bit

of original pattern shifted up by 1 bit

of original pattern shifted down by 1 bit

of orignal pattern rotated by + 2°

of orignal pattern rotated by - 2°

score of original pattern shifted right by 1 bit and then

rotated by + 2°.

score

of original

by + 20.

score of original

by + 2°.

score of original

by + 2°.

store of original

by - 2°.

score of original

by - 2°.

score of original

by - 2°.

score of original

by - 2°.

pattern

pattern

pattern

pattern

pattérn

pattern

pattern

shifted left by 1 bit and then. rotated
shifted Up by 1 bit and then rotated
shifted down by 1 bit and then rotated
shifted right by 1 bit and then rotated
shifted left by 1 bit and then rotated
shifted up by 1 bit and then rotated

shifted down by 1 bit and then rotated
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5.2.2 Linear decision function on eigenvector space

On the fine classification stage, in order to discriminate
the character in a category, it is necessary to establish some
rules. One important approach to this problem is the use of
linear decision function. The case of a category which has two
classes, 1is jillustrated in Fig.23(a) where two patterns classes
are shown. It is seen in the figure that the population of
pattern can be conveniently separated by a line.

Let d(x) = Wy X +t? ﬁ + %3 =8 1is the equation of a
separating line on the eigenvector space in which X (represents
f’z >y %, (represents f’3 > are the coordinate variables. It is
clear from the figure that any pattern belonging to cy class will
~yield a positive gquantity when the pattern x is substituted 1into
d(x). The d(x> can be used as a decision (or discrimination)
fuhction, we may say that x belongs to & if d(x)> > @, or to Gﬁ
if d(x> { 8. The procedure to perform the decision function d(x)
is done by drawing the straight 1ine between classes.

The perpendicular distance +from this straight line to the
nearest two points which sit on the different side of the line
must be equal. The coefficients of linear decision function is
performed directly from the score plot by measuring under the
definition of straight line. An example of this result is shown
in Fig.23Ca).

In the case of a category which has three members denoted by
(28 | ,ab ,QQ3, each pattern class is separable by some decision
lines. To determine W’s and di(x), we can use the formula of

straight line as in a category which has two members. A typical
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result is shown in Fig.24(b).
In the case of a category which has four members, dencoted by
‘G% ,032,0)3 and &), , we can consider in multiclass of 3—-dimension.

4

Some characters can be separated on the plane off%,g , but other
character can be separated on the piane of @ ,f , as shown in

Fig.24(c) and Fig.24(d) .

5.2.3 Results of experiment and analysis of fine

classification by using K-L expansion

If the results of "the score plot" on eigenvector space are
clearly distributed, the decision function can be constructed by
drawing the strajght line, so that the decision condition can be
given definitely. The discrimination results of character from a
category will be successful.

The problem of discrimination in a category will be focused
on the distribution of score on eigenvector space. The results of
*the score plot" as described in section 5.2.1 are analysed as
follows; I
(1> : The distmébution of scores of the shifted patterns in
the first case of experiment is not good enough, and the extent
of distribution depeﬁds on the shape of acharacter. If the shape
of characters in a ¢ategory is very close to one another, the
distribution of score of shifted patterns is closed together. If
the large number of learning patterns are used, the distribution
of scores would be more improved but computation of eigenvectors
will be difficult to execute practically because of the memory
limitation in the computer.

To eliminate the shifting effect, the centre of gravity of
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pattern has been set into the center of the frame. However, in

the digitalization proceéss, || bit shifted pattern may occur. In

this case, some categbries are not well separated as shown in

Fig. 23¢(c)> and (d>. 'The scores distribution of pattern ciass of

character {J is closed to il in Fig. 23(c)> (on the plane fé ’ @),
:

&

but it is closed to 4 and @ in Fig. 23(d» (on the planeq g).

(2> : The distribution of scores of the second case in
experiments were more condensed than the distribution of scores
of the first case. In the second case, noises from the shifted
pattern are decreased, because eigenvector are derived from the
mean patterns ‘of each class which wiil be able to absorb the
noise caused by deformation. Then, spreading of distribution in
score plot is suppressed as shown in Fig. 24C¢a) through (d). The
distribution of scores in this case is sui tabtle for

discrimination the characters which have neariy same shape.

(3 : The distribution of scores of the third case are wvery
close together. It is wery difficult to determine the

discrimination function as shown in Fig.25.

4 : The distribution of scores of the fourth case 1is
nearly the same as of the second case. Alsc, jin this case the
distribution of patterns on the eigenvector space is clustered as
well as the second case for eath category (see Fig.2é).

In all four cases, when tHe distribution of scores on the
lower order eigenvector space is not clearly separable, the
distribution of scores on the higher order figenvector space is

also not separable. In the experiment, the distribution ot scores
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on eigenvector space not more than the fourth order is used to
determine the discrimination function.

On analysis of the results of score distribution as
described above, it is found that the linear decision functions
are conveniently constructed on eigenvector space derived from
the first case for categories which have two members. The
examples are shown in Table 8.

The linear decision function are conveniently constructed on
eigenvector space derived from the second case for categories
which have three and four members. The examples are shown in
Table ¢ and Table 18, respectively.

When the characters in a category show nearly the same shape
as shown in Fig. 27, it is not easy to determine the linear
decision +functions for all four cases. Then, we tried to use
subpattern for K-L expahsion. It is seen from Fig. 27 that only
the upper part of these characters is different. The score plot
of all four cases of this category are shown in Fig. 28Ca), (b},
(c)> and (d>, respectively. From the score distribution of this
category as shown in Fig. 28, it is clear that the linear
decision function can not separate the character No.5? (1 > from
character No.é48 (1 ).

Fig. 2?2 shows the score plot of these two characters on
eigenvector space which newly derived from the 1°st case by using
characters of classes. 1 and 1 . The linear decision function
does not separate these two characters also. I1f only the upper
part of these two characters are used for expanding by K-L
expansion and for plotting the scores as shown in Fig. 36, the

linear decision function easily separates these two characters.
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Table 3 The result of linear decision function
Category NO, Decision function Condition member
dx){o o
3 d(x) = xp - 9,0xq + 12,0 d(x) >0 0
d(x)£ 0 n
6 d(x) = Xy = 3,9%x7 = 0.3 d(x) >0 L]
d(x){ 0 i
Table 9 The result of linear decision function
Category NO, Decision function condition member
dq(x) = X5 + 0.3x1 + 1.6 d4(x)L 0 ?
da(x) = X5 4 5,0xq = 13.1 d.(x) S0
4 1 1
and
dz(x)> 0 )
and
dz(x)é 0 %




Table 1o The result of linear decision function
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Category No.

Decision function

condition

member

d1(X) = x2 + 2.0x1 - 0.8

d,(x) = X, - 0.6xq + 1.5

d3(x) = X5 - 1.55%3 + 4.5

dix) >0

and

dz(x) > 0

d,(x) >0
and

dz(x)40
and

d,(x) {0

and

d3(X)> Q




8 5

9 60

Fig. 27

The shape of characters in category No. 19.
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From these results, even though the K-L expansion is used,
it 1s necessary and effective to use subpatterns for achieving
the precise fine classification for very similar characters. The
K-L expansion is useful tool for classification of the
characters. The score plot is one successful criterion for

studying the distribution of characters.
3.3 Conclusions of fine classification

5.3.1 Conclusions of fine classification by using subpattern

matching

1o The percentage of recognition correctness of
printed Thai characters as described in the preceeding text
obtained 100/ success in fine classification stage of learning-
pattern input data.

2. In the case of rotation input data, the percentage
of correctness is high enough for character recognition.

30 Even though fine <classification by subpattern
matching give the results 188X, but an ambiguity in the process
of selecting explicit pieces are still occurs.

4.) If we can reduce the dimension of expliicit pieces;
and number of explicit pieces in the category, more saving of
storage area 1in recognition dictionary and more reducing the
recognition time are obtained.

S5.) Training set (learning pattern) is each original
pattern of printed Thai characters which are derived in section
1.3 and each 15 degrees rotated original patterns.

é.) FORTRAN programming is used in the implementation



84

of fine classification with FACOM M-348R FUJITSU computer ,4MB.

9.3.2 Conclusions of fine classification by using K-L

expansion

1. The fine classification of printed Thai characters
using the K-L expansion has been investigated and it 1is shown
that this method is 188X successful to separate the characters
which has been used in the process of the K-L expansion.

2. In the case of shift and rotated input pattern, the
recognition is successful 100X for 1-bit shifted patterns and 2-
degree rotated patterns.

3.) In practical cases, we can protect input data so
that shifts are not more than | bit, and rotation are not more
than + 2 degree by controlling the machine in the scanning
process.,

4.) Among four cases for K-L expansion as described in
section 5.2, for two member categories, the 1 st case is the most
useful method. For 3 or 4 member categories, the second case
gives good results because the average patterns of each class
which are used in the expansion absorb the deformation.

9 It is necessary and effective to use subpatterns
for achieving the pfecise fine classification for very similar
characters, .

6.7 There is no an ambiguity in the procedure of this
method, it can give the optimum results.

7. Training set (learning pattern) is each original
pattern of printed Thai characters which is derived in section

1.3 and each artificial pattern which is derived in section S5.2.
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8.) FORTRAN programming is used in the implementation of

fine classification with FACOM M-368R FUJITSU computer, 4MB.
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6. STRUCTURAL ANALYSIS METHOD FOR PRINTED THAI CHARACTERS
RECOGNITION -

é.1 Rough classification by using linear decision function

based on their height and width of characters

The main problem of rough classification as described in
matching method is the calcutation of eigenvalues and
eigenvectors. The calculation will take long time and will use a
large size of memory in computer if that category has many
members. g

In other words, the height and width of printed Thai
charactérs are not the <same with each other, the rough
classification by using linear decision function based on their
height and width of characters will be useful. And then, fine
classification by using topological properties of characters can

be followed.
6.2 Thinning process (8)

Thinning process can be used to eliminate noises and improve
the features, to make easier in measuring the height and width of
characters. The thinning process used in this thesis is a J.D.
Hilditch‘s algorithm, as shown in Appendix 1. The connected
number of a character pattern Which describes a relationship
among pixels of the character pattern is computed, and then, to
leave only skeletal pixels. The algorithm of connected number

will be described in next section.
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The amount of 1‘s data of result of thinning process 1is
decreased, and noises are eliminated. An example of a bit
pattern of a character is shown in Fig. 31(a) , and the result of

application of the thinning process is shown in Fig. 3i(b).
4.3 Connected number (9,18)

The connected number will be referred by thinning algorithm
and topological properties of characters, therefore in this
section, its algorithm will be described. The connected number
shows the relationship between the pixels in the character
pattern. It may be computed from the following algorithm.

Let XQ be a point of a digital picture that 1is to be
1 Xor X 4,x5,x6,x7 and
x_ as shown in Fig.32. The connected numbers NC(4) and NC(8) can

8
be computed from the following equations

X X X

analysed. Neighbouring points are x

NCCa = T (xp = X%, %2 ) (26)
kES,

NCC8) = T (% - %% % ,> (27)
es kT K ka2

1
where si = 1,3,5,7 for kK { 8; and for k 2 92k = K - 8.

For example, in Fig.33{(a> we have

NC(4) = xq+ x3+ % + % = X Xo % — X3 x4x5— x576 x7— ﬁ x8x‘I
=1+ 1+ i+ 1-1.86.1-1.8.1-1.8.1 - 1.0.1
= 4
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Fig. 33 Intersection strokes
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Similarly, from Fig. 33(b) we obtain

NCC4) =0 +8 +8 +@8 —0.1.8 —0.1.06 -~ 0.1.9 — 8.1.8
= 8

NCC(8Y = 1 + 1 + 1 + 1 - 1,8,1 - 1.8.1 - 1.8.1 - 1.8.1
= 4

6.4 The clustering of all printed Thai characters

Because the widths and heights of printed Thai characters
are different +from each other, the thinned characters can be
separated into cluster domains by using linear decision functions
based on height and width. A technique in which the bit pattern
is scanned in both the horizontal and vertical directions is
used. '

The width of a character in pixels is the distance between
the left-most and the right-most columns containing 17s; and the
height of a character in pixels is the distance between the
upper-most and the lower-most rows containing 1’s <(see Figqg.
31<b)> .

Let LN be the left-most column, LM the right-most column, CN
the upper-most row, CM the lower-most row; and let ﬁ be the
width and x, the height. Then the width and the height of the

thinned character are expressed by the following equation
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x, = M- LN + 1 (28)

x, =CM - CN + 1 (29
1¢ Xq and Xp are the coordinates of the plane, we can plot a
graph of all printed Thai characters as shown in Fig. 34. 6% in
Fig. 34 means the group of chara&ters. The characters which are
the members of each group are shown in Table 11 and Table 12.

The principal function of a pattern recognition system is to
yield decisions concerning the separation of membership of the
pattern characters on this graph with which it is confronted. In
order to accomplish this task, it is necessary to establish some
rules upon which to base these decisions. One important approach
to this problem is the use of linear decision functions (7).

As a way: of introduction to this relatively simple concept,
consider Fig. 395, where two hypothetical pattern classes are
shown. It is seen in this fiqure that the two pattern populations
can be conveniently separated by a line.

Let d(x) = wyxq+ wyxo+ w3= @ be the equation of a separating
line where the w’s are parameters and X % are the general

coordinate wvariables. It 1is clear from the figure that any

pattern x belonging to category °ﬂ will vyield a positive
quantity when substituted into d(x). Similarly, d(x) becomes
negative upon substitution of any pattern from 002. .
XZA d(x) = W, X + WoXot Wa= 0
002
o
- + X

Fig. 39 A simple decision function for two pattern classes



Table 11

Main categories

M%in .
categori

Condition
P S

member

@

d-| (x)y0
d3(x) 20

NAANI VY BENN BN WG B
ANGUUNNWNANYTAE I H AW

RWDT 21U 0 WA E Doy
GO

dy (x)»0
do(x)¢ 0
d3(x)» 0

- — B wvaadaodes Ve

dy(x)» 0
dp(x) ¢ 0
d3(x)¢ 0

Q Q) o + 10 9 W

dj(x)¢ 0
dp (x)¢ 0
d3(X)( 0

d'l (x)< 0
d (x)>0
d3(x)€ 0

d (x)¢ 0
d (x) 90
d3(x)»0

11Tz del sy Qo Iwa a

d(x)20
B (x)y 0
& (x)&0

5. o
e viyryrdf

?
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Table 42 sub-category

sub- l membe
Categorymrdxtwn r
AARXIARUUENN BNV R B EIN
oy a0 |SUUNWANYSAIAY ANWNWNE
g3 T1MMbvEE 260G 6
w17 A(x)<0 J O 6 O
{x)<0 )
woy :lz(x)>0 —
BB(XKO
Bl(x)'o
© B, (x) <0 -
22 B (x)<0
B, (x)~0
wy3 B7(X)(0 o o4 O & v W o
- BS(X)(O
B, (x)"0
w Blz(x)fo @
24 Ba(x)»O
C, (x)~0
w ctixyso y
i1 cix)>0
C,(x)<0
wa,, Co(x)>0 .
< c(x)~0
C.(x)<0
w Co(x)<0 q + o
33 c2>o0 ) .
C.{x)<0
w3y céu)«o "
C.K(x)<0
wf}l E(x)~0 /
o, E(x)-0 ()
w61 F(x) -0 1 OL I
o, 9 .
w Jree [TUENRDFWAA
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Therefore, d(x) can be used as a decision (or discriminating)
function since, given a pattern x of unknown classification, we
may say that x belongs to W 4 if dix> > 8, or to e if dix) < 8.
If the pattern lies on the separating boundary, we obtain the
indeterminate condition d{(x>) = 8. As will be seen in the
foflowing section, these concepts need not be restricted to two
cateqories. In addition, they can be easily extended to encompass
the more general case of nonlinear boundaries in any finite
dimensional Euclidean space.

The success of pattern grouping scheme depends on two
factors: (1) the form of di(x), and (2) one‘s abiiity to determine
its coefficients. The first problem is directly related to the
geometrical properties of the pattern classes under
consideration. It is not difficult to visualize situations in
which boundaries that are considerably more compliicated than the
linearly separable example discussed above might be necesary to
separate the given pattern populations. If the dimensionality of
the patterns is higher than three, our powers of visualization
are no longer of assistance in determining these boundaries.
Under these conditions, the only reasonable recourse is a
strictly analytical approach. Unfortunately, unless some a priori
information is awvailable, the only way to establish the
effectiveness of a chosen decision functian is by direct trial.

Once a certain function <(or functions if more than two
categories are involved) has been selected, the problem becomes
the determination of the coeffcients. If the pattern classes
under consideration are separable by the specified decision
functions, it is possible to utilize sample patterns in order to

determine the coefficients which characterize these€ functions.
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The simple two-dimensional linear decision function can be
¢asily generalized to the n—-dimensional case. Thus, a general

linear decision function is of the form

= + + ... + +
d{x) w1 x1 Ws X, wn xn wn+1
= Wl
NO X + Wt (30>
where W_= (wW,, W_jscc.y W st . This vector is referred to as the
0 1 2 n

weight or parameter wvector.

It is widely accepted convention to append a | after the

last component of all pattern vectors and express equation (36)

in the form

dix> = NTX (3D
t t

where X = (x1, Xogesey  Xpy 1> and W = (w1, Woseeny Wy wn+1)
are called the augmented pattern and weight vectors,

respectively. Since the same quantity is equally appended to all
patterns, the basic geometrical properties of the pattern classes
are not disturbed. Whether or not weight wvector has to be
augmented can usually be determined from the context. We will
normally refer to X and W in equation (31) simply as pattern and
weight vectors, respectively.

In the two-category case a decision function di(x} is assumed

to have the property

>0 if XE 6
.
x> = W X (32)

<8 if X&0)
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When we have more than two categories, - denoted by
Wy, Wos-vee- » ), we consider the following multiclass cases.

Case 1 : Each pattern class is separable +from the other
classes by a single decision surface. 1In this case there are M

decision functions with the property

I > 0 if)(éfo%
di(x) = Ni X = , 1= 1,2,...,M (33
< B otherwise

t

where Wi = (W., , W._ 3.0 W, , > 1is the weight wvector
i2 in

i1 Wi,n+1
associated with the decision function.
Case 2 : Each pattern class is separable from ewvery other
individual class by a distinct decision surface, that 1is, the
classes are pairwise separabie. In this case there are M(M-1)/2
(the combination of M classes taken two at a time) decision
sgrfaces. The decision functions here are of the form dij(X) =

| X and have the property that, if x belongs to category a%_ ’

ij
then
dij X> > @ for all | # i (34)
These Functions also have the préperty that dij(X) =
-d_ (X>. It is not uncommon to find problems involving a
Ji

combination of Cases 1| and 2. These situations require fewer than
the M(M-1)/2 decision surfaces which would be needed if all the
classes were only pairwise separable. 1

Case 3 : There exist M decision functions dk(X) = %( X, k=
1, 2,...., M, with the property that, if X belongs to category

wi:
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dj (X> > dj(X) for all Jj =i (33

This is a special instance of Case 2 since we may define

dij(X) = di(X)-djéx)
= (%i - Nj) X
= N{j X (36

where Nij =W = Nj . It is easily verified that, if d;j¢(X) >
dJ(X) for all j # i, then dij(X) > 8 for all j # i, that is, if
the classes are separable under Case 3 conditions, they are
automatically separable under Case 2. The converse, however, is
in general not true. 1If the pattern classes in a given situation
are classifiable by any of the linear decision function, the
classes are said to be linearly separable.

According to the explaination said above, the linear
decision function dj(x)> for grouping of membership on Fig. 34 can

be obtained by follow the determinating di(x) of Case 1. Hence,

form of di(x) is very simple as

di(x)=w1x1 +wz>:2 +w3=0

The coefficients wj of this function are performed by using

linear regression formula as followed.

Y

a=y - bx (37

where §=Zx1/N and §'=Z'x2/N and
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N}:xzxi —“sz x4 (38
N}‘_xg - CZx, §

where N is the number of X or % { number of ﬁ must equal

number of x2 ), and then the form of dix can be changed in
di(x) =x - a- bx2 (392

The procedure to compute a and b can be explained as
follows.

Because di(X) is a straight line and completly divides all
memberships into two groups, by inspection, first we can try to
draw d i(x) dividing memberships into two groups at any where.
Second, adjust this di(x) by select coordinate (the value of X
and x2 ) of some memberships from both groups, and then the
coefficient a and b can be obtained by substitute X4 and 12 into

equation (37> and (38).

The computation a and b of di(X) can be shown as an example

by selecting :

X i 17, 26

from first group

from second group

28, 42
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and then
Tx = 84
Ix = 127
X = gx, = 127 = 31.75
N 4
vy = fx, = B84 = 21
=% 2=
N 4

2
Zx§=252 +3£ +282+42

625 + 1824 + 784 + 1764

4197

Zx2x1= (25 X 17) + (32 X 26) + (28 X 9) + (42 X 32

= 425 + 832 + 252 + 1344
2853

N 2_‘,7:2x1 - sz Z %

2 2
N Z:% - < 2.x2 )

4¢(2833) - 127(84
4(4197) —~ (127>

U
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_ 11412 - 18468 _ 744
14788 - 16129 659

b= 1.128

a= ; - b;
=21 - 1.128(31.7%
= 21 - 35.814
= - 14.814

Substitute a and b into equation (37), the result is
d1(x) = x 4% i4.814 - 1.128& (48>

by the same way, we can obtain

X, - 37.161 + 8.926% 41>

c&(x) 2

d3 (x) Xy = 18.8 - G.le2 (42)
dq¢(x), dp(x) and d3{(x) are shown in Fig. 34.

By using equation (33) we can obtain seven main categories
by the separating of di(x), dy(x) and d3 (x». The boundary
condition and members of each category are as shown in Table 11.
We see that, in this case, there are no classes in a category
because one point on the graph represents one character. But we
can divide the main category into sub-category (can say be a
class) by performing new decision function by the same way as

described above. The results of di(x) are as following
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A(x) = Xo - 25 for category o% (43)
B1 (x) = Xy = S
B (x) = Xy - 2?.5 for category wz (44>
Eg (x) = x2 - 14 )
C 0 = x - 13.5 )
Colx) = x5 = 18 ? for category o, (45)
Cj(x) = x1 - 3.5 )
EC(x) = x1 - 13 for category oﬁb (46).
F(x> =x - 47 for category 6% (47)

The boundary condition and members of each sub-category are

as shown in Table (2.

6.5 Conclusion of rough <classification 1in structural
analysis method

1.) The advantage of rough classification by using decision

funttion based on their height and width of characters is saving

the storage area of dictionary of recognition, because it Keeps

only decision functions and their boundary condition.
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2.0 Thinning process is used to eliminate noises and
improve the features, to make easier measuring the height and
width of characters. But the decision function for clustering
characters is determined by inspecting, it is very difficult to
obtain the best decision function.

3.0 In the case of high recognition rate, rough
classification by using K~L expansion (in matching method) gives
better results than rough classification by using decision
functio& based on their height and width of characters.

4.) In the case of saving area of computeéer, rough
classification by using linear decision functions 1is better than
rough classification by using K-L expansion.

9.) 1887 successful in rough classification of learning
pattern input data.

6.0 Learning patterns are each original pattern character
which are derived in section 1.3.

rae, FORTRAN programming is used in the implementation of
rough classification with NEC system 366 main frame computer,

2MB.
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6.6 Fine classification by using topological properties of

characters
6.6.1 Topological properties of characters

We have obtained the connected number of the point in the
character pattern as described in section 6.3, those connected
number can be converted into the topological properties of
characters, and then, they can be used to classify the characters.

In other words, the main problem of fine classification by
using K-L expansion as described in the section 5.2 is the
calculation of eigenvalues and eigenvectors. The calculation will
tgke a 1long times‘ and will use the large size of memory in
computer if that category has many members. Therefore, the fine
classifigation by topological properties of characters will be
described in this section.

The topological properties of characters which are
represented in the form of numerical digits allow the separation
of various aspects such as end strokes, branch strokes,
intersection strokes, connecting strokes, independent or inner
strokes. All of these properties can be used to discriminate
between characters. By using equation (28> and (27> o compute
NCC(4>» and NC(8) of these properties, the results can be shown in
Fig. 3é6. The results of NC(4) and NC(8) in this figure can be
written in the form of table as shown in Table 13, and then also
adds the value of NC(4) and NC(8) of intersection stroke into
this table. This tabie shows NC(4) and NC(8) of all features of

stroke of characters which can appear.
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NC(4) = 0 VAT 1T | Nea) =0
1 NC(8) = 0 111 1 | wetsy =0
HEE
(a)
NC(4) =1 NC(4) =0
1 NC(8) = 1 ] NC(8) = 1
11 1
B (b)
1 1 1
R ] BERE 1|
] :
NC(4) =1 NC(4) = 2 NC(4) = 2 NC(4) = 2
NC(8) = 2 NC(8) = 2 NC(8) =2 NC(8) = 1
NC(4) =0 |1 1
NC(8) =2 1
{c).
1 1 1 1 1
111 | 1 1 NE
1 1 1
NC(4) = 3 NC(4) = 0 NC(4) =1 NC(4) = 2
NC(8) = 1 NC(8) =3 ()  NC(8) = 3 NC(8) = 2

Fig. 36 : (a) NC(4) and NC(8) of independent or inner strokes.
(b) NC(4) and NC(8) of end strokes. (c) NC(4) and NC(8) of
connecting strokes. (d) NC(4) and NC(8) of branch strokes.

-~



Table 13 Summary of topological properties.
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Connec-{Inner{ End Connecting Branch Intersection
tivity |and |strokeqd strokes strokes strokes
inde-
pen-
dent
stro.
NC(4) 0 110 11212 0 310 |1 410
NC(8) 0 111 21212 2 11313 014

Note: the value of inner strokes =
strokes = 2,

branch strokes-

0,

3,

end strokes = 1, cohnecting
intersection strokes = 4.
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4.6.2 The procedure conversion of patterns into topological

properties

Let 8 represents inner or independent strokes, | represents
end strokes, 2 represents connecting strokes, 3 represents branch
strokes, 4 represents intersection strokes, then by using a
computer program to compute NC(4) and NC(8) of each point in the
patterns of thinned Thai characters, we can convert the patterns
into the form of topological properties, as shown in Fig. 3?, by
let P be the topological properties of a character; then the

conversion rules are as follows

If NC(4) = 8 and NC(8) 8, then

P=29 (48

If NC(4Y = 1 and NC(8) = 1, or NC(4) = 0 and NC(8) = i, then
P=1 (49)
I+ NC<(4> = 1 and NC(8) = 2, or NC(4 = 2 and NC(8B) = 2, or

NCC(4> = 2 and NC(8) = 1, or NC(4) = 8 and NC(8) * 2, then

P=2 (5

I NC(4> = 2 and NC(8) = 1, or NC(4) = 8 and NC(8) = 3, or
NCC(4) = 1 and NC(8) = 3, then
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P =3 (S1)

If NC(4) = 4 and NC(8) = 8, or NC(4) = B and NC(8) = 4, then

Because intersection strokes rarely occur in printed Thai
characters, they may be expressed in branch strokes by converting
the points which have NC(4) = 4 and NC(8) = 8 or NC(#) = 8 and
NC(8> = 4 into 3.

46.6.3 Decision table of fine classification

The resul4s- of properties of each‘character in each category
which are obtained from the operation at the fine classification
stage can be shown in the form of a decision table, as shown in
Table 14. To design the decision table, we divide the pattern of
each character into four parts (each part is called quadrant) by
drawing two the straight lines to perpendicular with each other
at the centre of gravity as shown in Fig. 37(b). However, before
makKing this, the centre of gravity of a character must alse be
the centre of the frame of a character pattern. Then, we can
list the numbers which represent the topological properties of
each part into the decision table. For example, <(let see the
Fig. 38(a)) after the pattern is divided into four parts, namely
lower—-right hand-part is @1, upper-right hand-part is Q2, upper—
left hand—-part is (@3 and lower-left hand-part is 24,
respectively. In table, P1,R2 and P3 mean the topological

properties, and numerals 1, 2 and 3 in the pattern mean end
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stroke, connecting stroke and branch stroke, respectively. It
appears only numeral 2 in @1, so 2 is written into the table
under P2. 1t appear$ numeral 1, 2 aﬁd 3 in @2, s0o 1, 2 and 3 are
written into the table under P1l, P2 and P3,respectively. It
appears numeral 2 and 3 in @3, so 2 and 3 are written into the
table under P2 and P3, respectively. It appears numeral { and 2
in @4, so | and 2 are written intc the table under P! and P2,
respectively., By the same way, we can write the topological
-properties of other thinned Thai characters, the results are
shown in Table 14.

If we let one property giving value (called weight) 1 in
each quadrant, and then we can compute the weight of the
character by adding together the weights in every quadrants. The
characters weight can be used for clustering the characters in
the sub-category into subclass., Table 14 alsc shows the value of
di (x){(compute by substitute their width and height of characters
pattern into the equation of di(x)). When the properties of
characters are all the same in every quadrant, these di(x> can be
used to discriminate characters; for example sub-category 0%2 as
shown in Fig. 38. -

In the case shown in Fig. 39, since neither the properties
nor di (x> can be used to distinguish between these two
characters, a special method must be used. The bit pattern of
the thined character is scanned in a vertical direction through
itse centre of gravity from the top of the pattern until {‘s data
are encountered. It is then back-stepped by one bit position, and
the bit pattern is then scanned in a horizontal direction. If 1’s
data are encountered, this indicates character No. 2; otherwise

it is character No. |{.
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6.6.4 Fine classification procedure of using decision table

We can perform the classification procedure by inspection of
the decision table. After the unknown input data passed the
rough classification stage, the sub-category of this input data
is identified, and the fine classification procedure is started
at- that sub-category by inspecting the weight of the character.
The properties of the character are then inspected starting from

quadrants 1, 2, 3 and 4 respectively as, for example, shown by

the flow chart of sub-category GXo in Fig. 48.

&.7 Conclusions of +fine classification by using

topological properties of characters

1.0 Successful recognition of printed Thai characters
by using topological properties has been achieved for fine
classification of learning-pattern input data.

2.) With corrupted line pattern input data, as shown in
Fig. 41, the percentage of correctness is still high enough for
character recognition.

3.>) The weak point of this fine classification is that
if a corrupted 1line occurs in the pattern input data, the
skeletal shape of the character will bhe slightly distorted after
the thinning process, and hence the properties will be also
distorted in some quadrants (see Fig. 41).

4.) Consequently there will be an error in the weight
of the character, and the cluster of this character will also be

in error. To avoid this, we should not use weight to cluster the
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character, and discard those properties in that quadrant.

5.) QOther cagses which we must pay careful attention to
are the small circle calied the head of the character. If the
head of character is broken, the properties indicating the head
at that guadrant will disappear, and the cluster of that character
will definitely give an error.

6.) The labour involved in the process of fine
classification by using topological properties.

7e) The problems as said above have been solved; and
hence saving of storage area of computer and high enough
recognition rate for character recognition are obtained.

8.) Training patterns (learning pattern)> are each
original pattern character which is derived in section 1.3.

?.) FORTRAN programming is used in the impleméntation
of fine classification with NEC system 3806 main frame computer,

2MB .
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7. CONCLUSIDN OF PRINTED THAI CHARACTERS RECOGNITION

1.2 In this thesis, the attempt has been made to use
topological properties of characters, subpattern matthing and K-L
expainsion for récognizing printed Thai characters. Successful
recognition has been achieved for learning—-pattern input data And

for singlé—font characters.

2.) The advantage of recognition method which has been used
in this thesis is dividing the recognition method into rough and
fine classification stage. This wmethod can improve the
recognition rate, and the recognition time. This is the original

idea of this thesis.

3. The best results are obtained from the recognition
by using K-L expangion, it has been proved that K-L expansion is

a useful tool for printed Thai characters recognition.

4. Eventhough successful recognition is obtained +from
subpattern matching method, there is still an ambiguity in the
process of seletting the optimum explicit pieces of fine

classification stage.

5.). There are many problems as described in the preceding
téxt in the recognition by using topological properties oOf
characters, and also much 1abour involved in this method. But
such problems have been solved, ana the labour was overcome.
Hehte high enough recognition rate is obtained. It is still

valid approach for printed Thai characters recognition.
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The method to overcome the problem in the recognition by
using topblogical properties of characters is the original idea

of this thesis.

é.) Reduced pattern method is wused to reduce 1‘s data of
tharacter pattern, if a technique store only 1°s data is used,

saving of storage area of computer is obtained.

79 Blurring method is a useful‘tool to eliminate noise,
ahd to eliminate fine features difference between printed Thai
characters. Increasing the similarity values between blurred
characters, the method can get the best criterion decision value
of clustering characters. Then, the recognition rate is improved.

This is the original idea of this thesis.

8.) The best results are obtained in the process for
determining a ‘standard pattern of category‘ by wusing K-L
expansion. Then, recognition rate and recognition time are
improveed, and storage area of computer is decreased. This is the

original idea of this thesis.

?.) There¢ is only simple mathematics in the recognition by
using topological properties of characters. Program of computer
for the implementation of this method is simple, so it can be
said that printed Thai characters recognition by using

topological properties of characters is a simple method.

18.) This thesis is emphasized on experimental approach in

recognizing single—font printed Thai characters.
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11.2 K-L expansion has never been used with character
recognition. In this thesis, the distribution of printed Thai
character patterns is investigated on eigenvector space of K-L
expansion, it 1is an original idea, useful also for other

character character recognition.

12.>) K-=L expansion can be applied for handwritten character
recognition, if the problem in calculating eigenvector of large

dimemsion data is overcome.

13.) Match only with subpattern but does not match with all
patterns in a category 1is an original idea to save the
recognition time and to save the storage area of dictionary in

recognition by using subpattern matching.

14.5 In the future, three methods of recognizing printed
Thai characters in this thesis will be tried in a realistit
environment with noise coming from équiptment and from the paper
material. The different Kinds of font characters will be useéd as
input data for both rough classification and fine classification.
Machine level language in the implementation of these method will

also be used.

19.) In future, these methods in this thesis will be tried

to recognize handwritten Thai characters.
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APPENDIX 1
COMPUTER PROGRAMMING FOR THINNING ALGORITHM

SUBROUTINE HILDITCH (ML,F,IE,JE,JSTEP)
*** THINNING ALGORITHM BY J.D.HILDITH

--- F(IE,JE) = BINARY FIGURE (INPUT)

--- ML(IE,JE) = MEDIAL LINE (OUTPUT)

--= JSTEP = NUMBER OF ITERATIONS

IMPLICIT INTEGER (A-Z)

INTEGER F(IE,JE),ML(IE,JE),A(9),B(4),C(9)

C**xx** PREPROCESSING FOR FRAME-BOUNDARY ****

CHx*xxx  CONDITIO

A(
A(7)
‘A8

D011 =1,IE
F(I,1) = -1

. - - " - - - 0% e e wm = e -

2,JE-1
DO 100 I 2,IE-1 ‘
N ] ************************
IF(F(I,J).LE.Q0) GO TO 100
A(1) = F(I+1,J)
A(2) F(I+1,d-1)
A(3) F(I’J‘])
A(4) = F(I-1,d-1)
A(5) F(I-1,d)
6) F(I-1,d41)
F(I,d+1)
F(I41,J+1)

) =

C***** CONDITION 2 dkaddkhkhhkhkhkhkhkhkihkhkhhkhkikk

21
20

C******* CONDITION 3&4 dhkkkhkhkkkikhkkhhhhhhhhhhhit

34

DO 20 II = 1,8
IF(A(II).NE.=M) GO TO 21
A(II) =1
C(II) =0
GO TO 20
IF(A(II).LT.0) A(LI) = 0
C(II) = A(II)
CONTINUE

A(9) = A1)
c(9) = C(1)
U = 4-(A(1)+A(3)+A(5)+A(7))
IF(U.EQ.0) GO TO 100

V=0

W=0

DO 34 11 = 1,8
IF(A(II).EQ.1) V = V+I
IF(C(II).EQ.1) W = W+l

CONTINUE
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IF(V.LE.1) GO TO 100
IF(¥.EQ.0) GO TO 100

Chhkkkkkk CONDITION 5 Fekkk ko dokhkkkkkhkkkdkhkk

CALL CONMNEC (A,X,8)
IF(X.NE.1) GO TO 100

C******** CONDITION 6 dedkedkkkkkkkhhhkkhkkhkhhkhkkhkkk

Crxxkskkkkx  POSTPROCESSING FOR BIMARIZATION ko

OO0

61

62

100
200

99
999

310

300
400

10
4
20

IF(F(I,J-1).NE.-M) GO TO 61
A(3) =0

CALL CONNEC (A,X1,8)
IF(X1.NE.1) GO TO 100

A(3) =1
IF(F(I-1,J).NE.-M) GO TO 62
A(5) = 0

CALL CONNEC (A,XI,8)
IF(XI.NE.1) GO TO 100
F(I,Jd) = -M

R = R+l

CONTINUE

CONTINUE

IF(M.EQ.JSTEP) GO TO 999
IF(R.EQ.0) GO TO 99

M = M+]

GO TO 1000

JSTEP = M-]
CONTINUE

DO 400 J = 1,JE
DO 300 I = 1,IE
IF(F(I,J).LT.0) GO TO 310
ML(I,J) = F(I,J)
GO TO 300

F(I,Jd) =1
ML(I,J) =0
CONTINUE
CONTINUE

RETURN

END

SUBROUTINE CONNEC (A,X,CN)

*%* CALCULATION OF CONNECTING NUMBER ***
--- A = NEIBGURHOOD POINTS

--~ X = CONNECTING NUMBER

--- CN = CONNECTEDNESS (4 OR 3)

IMPLICIT INTEGER (A-Z)

INTEGER A(9),B(4)

*kk CONNECTIVITY CHECK kkkkkkhhkhkikk
IF(CN.EQ.4) GO TO 4

IF(CN,NE.8) GO TO 9999

DO 10 IT = 1,4

B(II) = (1-A(II*2-1))*MAXO(A(II*2),A(11*2+1))
CONTINUE

GO TO 30

DO 20 II = 1,4

B(II) = A(II*2-1)*(1-A(1I*2)*A(II*2+1))
CONTINUE
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30
9999

co
OF

100

60

81

80
600
999

601

X = B(1)+B(2)+8(3)+B(4)

RETURN

PRINT," CONNEC--1NVALID CONNECTIVITY"
RETURN

END

APPENDIX 2

MPUTER PROGRAMMING FOR COMPUTING EIGENVALUE AND EIGENVECTOR
K-L EXPANSION

DIMENSION 1P(64,32,4),A(2048,4),EV(4,4),C(4,4),E(4),IM(4),
*EVS(64,32,4)

N =2

DO 5M=1,N
READ(5,100)((IP(J,I,M),I=1,8),J=1,10)
FORMAT{8I1)

CONTINUE

DO 60 M=1,N

L=0

DO 60 J=1,10

D0 60 I=1,8

L=L+1

A(L,M)=FLOAT(IP(J,I,M))

CONTINUE

WRITE(6,8)

FORMAT(1H1, 23H**** INPUT PATTER *¥%%/)
WRITE(6,9) ((A(L,M),L=1,80),M=1,2)
FORMAT(1H ,10(8F2.0/1X))

TRC=0.0

DO 81 K—] 80

C(1,d)=C(I,d)+A(K,1)*A(K,d)

CONTINUE

IF(I.EQ.J) TRC=TRC+C(I, )

IF(I.NE.J) C(J,I)=C(I,J

CONTINUE

WRITE(6,600) TRC

FORMAT(1H ,6HTRACE=,E15.7)

WRITE(6,999) C

FORMAT(1HO, 18HCORRELATION MATRIX/1H ,4(4E15.7/1H ))
0UT=0.0

MAX=30

CALL JAC(C,E,EV,4,4,0UT,MAX)

WRITE(6,601) QUT
FORMAT(1HO0,4HOUT=,E15.7)

AMXVL=TRC*2.0

DO- 90 J=1,N

AMX=-1.E10

DO 91 I=1,N
IF(E(I).LE.AMX.OR.E(I).GE.AMXVL) GO TO 91
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IF(OUT.GE.0.5) WRITE(6,3) A,V
3 FORMAT(1H ,5E15.7)
P=1
Q=2
DO 5 I=1,NMI
IP1=I+]
DO 5 J=IP1,N
TF(ABS(A(I,J)).LE.ABS(A(P,Q))) GO TO 5
P=1
Q=J
5 CONTINUE
IF(OUT.GE.0.5) URITE(G 6) P,Q
6 FORMAT(1HO0,215)
IF(ABS(A(P,Q)).LT.EPS) GO TO 73
IF(ABS(A(P,P)-A(Q,Q)).LT.EPS) GO TO 7
R=2.0*A(P,Q)/(A(P,P)-A(Q,Q))
T=0.5*ATAN(R)
GO TO 9
T=0.7853982
CONTINUE
IF(OUT.GE.0.5) WRITE(G5,10) T
10 FORMAT(1H ,E15.7/)

[Se N |

S=SIN(T)
C=COS(T)
DO 11 J=1,N
APJ=A(P,J)
AQJ A(Q,J
A(P,J)=APJ*C+AQJ*S
A(Q, ) =- APJ*S+AQJ*C
VPJ=V(P,J)
VQJ V(Q,J)
V(P,J)=VPJ*C+VQJ*S
: (Q J)=-VPJI*S+VQJ*C
11 CONTINUE
DO 12 I=1,N
AIP=A(I,P)
AIQ=A(I,Q)
A(I,P)=AIP*C+AIQ*S

A(1,Q)=-AIP*S+AIQ*C
12 CONTINUE
100 CONTINUE
73 DO 13 I=1,N
13 E(I)=A(I,I)
RETURN
END

#%#% INPUT PATTERN *%k*
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AMX=E(I)
IM(J)=I
91 CONTINUE
AMXVL=AMX
90 CONTINUE
CRAMD=0.0
DO 20 I=1,N
J=IM(I)
RAMUDA=E (J)/TRC*100.0
CRAMD=CRAMD+RAMUDA
WRITE(6,602) E(J),RAMUDA,CRAMD
602 FORMAT(1H ,12HEIGEN VALUE=,E15.7,3X,13HCONTRIBUTION=,F7.3,
*3X,17HCUM.CONTRIBUTION=,F7.3)
660 FORMAT(1H ,14HEIGEN VECTOR :=,2(E15.7,2X))
20 CONTINUE
WRITE(6,612)
612 FORMAT(1H1)
DO 95 M=1,2
K=IM(M)
L=0
D0 92 J
D0 92 I
L=L+1
EVS(J,1,M)=0.0
DO 92 1J=1,N
EVS(J,1,M)=EVS(J,I,M)+EV(K,IJ)*A(L,IJ)
92 CONTINUE
ANORM=SQRT( ANORM)
DO 94 I=1,8
DO 94 J=1,10
EVS(J,I,M)=EVS(J,I,M)/ANORM
94 CONTINUE
WRITE(6,611)M
611 FORMAT(1H ,25HPRINCIPAL COMPORNENT NO.=,
WRITE(6,610) ((EVS(J,I,M),I=1,3),Jd=1,10)
610 FORMAT(1HO,8F7.4)
95 CONTINUE
STOP
END

,10
»8

non

1
1

12)

SUBROUTINE JAC(A,E,V,N,M,0UT,HMAX)
DIMENSION A(M,M),E(M),V(M,M)
INTEGER P,Q
NM1=N-1
H=0.0
DO 14 I=1,N
DO 14 J=I,N

14 W=AMAX1(W,ABS(A(I,J)))
EPS=0.0000001*W

—
<
—
—
M
-
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Multiple critical pole maxnmally flat RC
active filter with sharp cutoff

Prof. P. Thajchayapong, Prof. C. Kimpan and Y. Rungsunseri

Indexing terms:

Filters and filtering, Desiyn, Circuis theory and design, Actiye networks

Abstract: A mdximally fat RC active filter with sharp cutofl can be achieved by including single or multiple
pairs of coincidenl transmission zeros but at the expense of high Q-factor of the critical pole pair. A novel design
technique is proposed here to reduce the Q-factor of such filters by increasing the multiplicity of the critical pole
pairs. Hence a new class of sharp cutoff maximally flat RC active filters with low sensitivity is obtained.

1 Introduction

It has been demonstrated by Premoli [1] that the sensi-
tivity performances of an RC active filter can be enhanced
by using multiple critical pole pairs. Owing to the all-pole
nature, this class of filters, however, exhibits a slow cutoff
rate. On the other hund, another class of maximally flat
filters with sharp cutoll has also been described by Budak
{2] and Dutta Roy [3]. This is achieved by including a
single or multiple pair of imaginary-conjugate zeros. The
latter, however, does not take the sensitivity performance
consideration into account. The purpose of this paper is to
propose a novel design technique to obtain a maximally
flat RC active filter with a multiple imaginary-conjugate
zeéro pair and also a multiple critical pole pair. A class of
filters with. both sharp cutoff and low sensitivity is there-
fore obtuined. In conmiparison to the previous results [4]
which aim at reducing the number of operational ampli-
fiers, this paper is seen as an attempt to reduce the filter
sensitivity.

2 Design procedure

Let the squared magnitude of the tequired filter be defined
as

(1 = w/wi)*

m-2 ]
{(aw)* — h (aw)? + l}"‘[l + Y a‘(aw)"]

(=]

|Hjw)|?* =

(1)

where r is the number of coincident pairs of the imaginary
zeros at tjwg, u,. is the multiplicity of the critical pole
pair, and m — 2 is the rcmdimng distinct poles, and « is the
normalisation factor whichgives | Hy)I* = ¢.

If n is the function order and J is the degree increment
due to u.,we thenhaven=m + édand & =2(u_ — 1).

The realisation condition [S] also requires that the
degree of the numerator polynomial cannot exceed that of
the denominator, ie. r < n/2. .

Now for lH(icu)]2 to satisfy the maximally flat criteria
around w =0, it is necessary to expand the numerator and
denominator of eqn. 1 into a power series of w?. By equat-
ing the correspondmg coefficients of the two power series,
a matrix equation is formulated as

Ma=b-d ()

Paper 4935G (E10), tirst received 30th April and in zevised form 3rd Séptember 1986
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' where k=0, |, ...,

where
m-—2
alc, 0 0
atc, 1*cy 0
M~ ¢, 2%, 2%, m-2
xl(n- "C-_ s yltm= .“C._‘ ’lln- h(‘.- s gm- h‘.o
al w (u,,dy,...,dn 3)7

) = [b‘, bz oo

and

bu-l]T

dr= [a’cl , 14‘.2 12‘"_2’6‘,._2]1.
The matrix element ¢, in M is derived from expanding
(w* — h,w? + 1y« into an explicit polynomial ¢.g.

2ue

(w‘ —hw?+ 1= cw 3)
=0

After certain algebraic manipulation [6], it can be shown

that

_ He He — i 1y
c";(i)( .)/2)"'” N “@

2u.,i=0,24,...,k for even k, and
i=1,3,5 ..., kforodd k. Also ¢, = Ofor k > 24, .
The vector element b, in b is given by

by=(- 1)‘( )ﬂ/ 9 (5)

wherek = 1.2, ..., 2r. Also b, = Ofor k > 2r.
Using the back substitution method [7], it can be
shown that if a; = 1, by = | and ¢4 = 1, then

i-1

a=— - Zajc“_,,. i=1,2..,m-2

As the matrix M contains the unknowns 4, and z, this set

of snmultaneous equations cannot yet be solved for a,,a;,
. An iterative procedure is therefore necessary.

Before doing so, another function which is also obtained

from the process of equating the coefficients of w?* men-

tioned earlier e.g.

F(h_, a, a)

=2 e, 80 + Cu-20a, +
—bn—l (6)

will be used as one of the search indicator.

: +clan-1]



The search problem is decomposed into a linear sub-
probleni to find (u,, 4y, ..., d._,) and & nonlinear sub-
problem for (h, , ) (see Fig. 1). For a givén pair of (a, h,),
solving eqn. 2 always gives (a,, a;, ..., d, - ;) Which in turn

specify
m, &, L)

adsume
a,he

£

new a'by solve egn. 2 tor fnew h! by
linear a,.4,...0 linear
interpalation b T2 m=2 interpolation

Fig. 1

Flow chart of computer proyram

provides the location of the noncritical poles. However, k.,
together with the indicator F(h,, a, a), has to be scarched
for the appropriate location of the critical pole pair. « is to
be searched for to give | H(j)|* = 1/2.

The iterative process is made simpler by a priori knowl-
edge [1] that O <2 £ 1 and also —2 < h, < 2. The inter-
polation can be accelerated by using the well known
search techniques such as the binary search or Fibonacci
scarch [8].
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Fig. 2 illustrates the magnitude responses for the case of
m.= 10,6 = 2, r = 1 at various wy. Table | also shows an

3 Design examples

0075 10 is 2.0
frequency rad/s

Fig. 2 Responsesform = 10, y, = 2,r = 1

—.o— wy=mll
—_——— wy=l2
wy = 1.3
— - o= wg=ld
----- we = 1.5
—_— wy=®

example of variation in Q. for the casc of r = 1 and wq =
1.5 to compare with those of the all-pole case (Table | of
Reference 1). It is obvious that Q, decreases with increas-
ing 8, hence the enhancement in sensitivity performances.

4 Conclusions

It has been described how to obtain a maximally flat RC
active filter with sharp cutoff and also low sensitivity. The
concepts are to include a single or multiple pair of jw-axis
zero pair and a multiple pair of critical complex pole. The
mathematics are nonlinear in nature but a priori know-
ledge leads us to an iterative process using a computer.
Exaniples are demonstrated that Q-factor of the cntical
pole pair decreases with ingreasing in the degree of multi-
plicity. Although only lowpass filters are used in the expla-
nation, the results can be readily applied to bandpass,
highpass and bandstop using the frequency transformation
techniques.
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Recognition of printed Thai characters
using a matching method

C. Kimpan, B.Eng., M.S.E.E., A.Itoh, D.Eng. and Prof. K. Kawanishi, D.Eng.

Indexing terms:

Computer applications, Thai character recognition

Abstract: As there are many similar characters in printed Thai, and in order to get a high recognition rate, the
recognition system is separated into two stages. In the rough classification stage, fine features and noise are
ignored by blurring. The blurred characters are separated into some cluster domains. The clustering criterion
used is based on selection of the patterns by measuring the similarity coefficient. The Karhunen-Loéve expan-
sion is applied to get a standard pattern of each category. In the fine classification stage, subpattern matching is

used to discriminate between the characters.

List of symbols

e = unknown pattern

Jas = standard pattern

SUus» f3) = similarity of the characters
T, = threshold value

[FA = norm of f

fis [fas ..., f, = observed vector

vV = covariance matrix

Ay = eigenvalue

Ps = eigenvector

1 Introduction

1.1 Character-pattern recognition method

A character-pattern recognition method is generally
divided into matching and structure analysis. The match-
ing method is an effective tool for the solution of probiems
in which the patterns include noise but exclude rotating
shapes, whereas structure analysis is employed in the
opposite case. As there exists noise, arising from an imper-
fect paper surface and interruption in the line of printed
characters, a matching method is usually used. For the
case of hand-written characters, their shapes are rotated
according to the writer, and structure analysis is usually
used.

In this paper, we propose the recognition of printed
Thai characters by using a matching method. Since there
are many similar characters in printed Thai, the recogni-
tion system is separated into two stages. In the rough clas-
sification stage, a blurring technique is applied to ignore
fine features. The eigenvector of maximum eigenvalue of
the Karhunen-Loéve expansion is equivalent to a standard
pattern of each category. A subpattern matching method is
used in the fine classification stage. The results of experi-
ments are presented.

1.2 Thai characters and experimental data

Thai characters [1], as shown in Fig. 1, consists of 42 con-
sonants, 17 vowels, 7 voice tones, 10 Thai numerals and 10
Arabic numerals. A Thai language sentence, such as that in
Fig. 2, is composed of consonants, vowels and voice tones,
on different levels. The vertical level can be divided into
four parts as shown in Fig. 3. However, as can be seen by
inspection, on occasion, depending on the printing

Paper 2789E (C2. CS5), first received 9th March<1982 and in revised form !1th
January 1983
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machine (see Fig. 4), a vowel can be situated above two
consonants.

All Thai characters and some sentences of Thai lan-
guage are printed on ordinary paper and then fed to be
input of a facsimile optical character reader. This machine
automatically changes the grey level of each character into
sets of hexadecimal code. Each character is divided into a
matrix of 128 x 64 pixels as shown in Fig. 5. Each point of
these matrices is represented by four bits of binary or one
hexadecimal number corresponding to its grey level. These
binary data are recorded on magnetic tape as experimental
data. The recording format is shown in Fig. 6. To give
further experimental data, the hexadecimal value for each
point in the matrix is converted to one binary bit, i.e. 0 in
hexadecimal becomes O in binary but other hexadecimal
values become 1 in binary. Therefore, O represents a white
level, and 1 rgpresents black level. However, in some cases
when noise elimination is necessary, 1, 2, 3, 4 and §S in
hexadecimal may become O in binary, and other hexa-
decimal values become 1 in binary.

2 Sequence of recognition method

A flowchart, shown in Fig. 7, shows the sequence of
recognition of printed Thai characters. A pattern of each

thai numerals

o waa & © 9 &«

‘ 2 ’ cc:nsosno[ﬂGs ' ’ T
'ﬂﬁﬂa\lﬁﬂmﬂﬂam
1 12 13 14 15 16 17 18 19 20 2% 22
QNEANAFRIUYUN
23 24 25 26 2?7 28 29 30 N 32 N kY3
ANNHNIaNs T
35 36 37 38 39 40 &1 42 ) (Y3 4% L6
dpwdv
47 48 &9 50 51

vowéls
t1-=9 vl oo
52 53 sS4 55 56 57 58 59 60 61 62 63

1vs ¢

66 67
« tone of voice

14

70 N 72 k2] 7% 78

' vy o+ v o

arabic numerals
012 3 45 617 8 9
1 76 17 78 79 80 1] 82 83 84

Fig. 1 Thai character set
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character is pulled out from the sample Thai character
sentence (as shown in Fig. 2) by a technique in which the

In the rough classification stage, a reduced pattern is
matched with a standard pattern to cluster the characters.

L7 & ’ ‘ - o P » & o
wussuRan1AndnasuvAlules (na-qguw)  lananvau

1Y W.FL 2516 LUURWNA

Fig. 2  Example of Thai language sentence

Translation: Since Thai-Japan technology promotion organisation has been in B.E.
2516....

tone of voice X
vowel X

vowel and
consonant

> |
> [=]>]

vowel

Fig. 3  Composition of Thai character word or sentence

rvowel

Ry
A t

consonant no.1 consonant no.2

Fig. 4 Example of Thai word
Vowel is situated above both consonant no. 1 and no. 2

k] ! p
scanning direction O-F 16 levels
of machine

! T

pr—————— S

=

|

ZJI%

Bit pattern of a character

64—
Fig. 5

—-—«f 128 pixels {= L
r o = | Tline
! >

_L 4bit/pixel

——- 64byte
T

e | _m128
151 E

A

"
o
i -8
L ]
-
|

mi233mi—]

64 line

mi2

25T

E\Z

v

Fig. 6  Recording format of magnetic tape

features are extracted by one-directional scanning, per-
formed in the vertical and horizontal directions, respec-
tively.

. The pulled out pattern is reduced to eliminate the noise
and to keep the storage area of the computer as small as
possible. A procedure of reduction keeping only one of
four neighbouring 1's is used, i.e. if. the binary values 4(i, j),
g(i.j+ 1), q(i + 1, j) and g(i + 1, j + 1) are neighbours, the
result of reduction is the integer part of

{q, )+ g, j+ D) +qi+ 1, ))
+qli+1, j+ 1)}/4+05
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sampling

segmentation

reduced
pattern

rough
classitication

isolated
category

fine
classitication

Fig. 7

Sequence of recognition method

Let f,, be a standard pattern, f, be the unknown pattern
and S(f,,, f,) be the similarity of the characters [2]. The
definition of S(f,,, f,) is

— Uua i fx)
SUewr 19 = 170140 @
where the scalar product (f,, - f,) is represented by
(jns ’ fx) = z z (fn:(l. n’ fx(i. j)) (2)
i

and the norm | f| is

=y 3)

The clustering criterion is based on the following equation:

SUns» )2 T, . 4

Since T, is the criterion decision value (threshold value) of
a group of order n, if eqn. 4 is satisfied, f, is a member of a
group of order n. Some unknowns can be recognised in the
result of rough classification. The member of clustering
characters will be discriminated in the fine classification
stage.

In the fine clasSification stage, the fine features of each
character in a category are investigated. Explicit pieces are
matched with the pieces of unknown pattern to recognise
the characters.

IEE PROCEEDINGS, Vol. 130, Pt. E, No. 6, NOVEMBER 1983



3 Segmentation

Because the construction of a Thai word, as shown in Fig.
3, is different from an English word, we cannot separate
the characters by scanning only in the vertical direction. In
order to separate characters from the sentence, it is necess-
ary to scan in both vertical and horizontal directions. The
procedure of segmentation as shown in Fig. 8 is as follows:

R

(if) U

=y | > TR

ﬁ«‘l”ﬁ :

[ ——

128 pixels

Fig. 8 A method of seymentation

(i) scan along the pattern of the sentence in a vertical
direction to find the space, and pull out the data between
two spaces

(ii) scan again along the data from item (i) in a horizon-
tal direction, the pattern of each character is to be found
between two spaces

(iii) in particular cases, if the pattern of the character is
extremely large, it is necessary to scan to find the space
once more in a horizontal direction along that pattern.

The procedure (ii) is very difficult to use with a pattern
such as that in Fig. 9, as scanning cannot be hoirzontal
only. In such a case, as scanning traverses the pattern in a
horizontal direction and encounters 1's data, the scanning
must then scan the vertical direction above or below that
datum to find O’s data before returning again to horizontal
scanning. So a combination of vertical and horizontal
scanning is necessary in this case to separate one character
from the other. If this fails, then it is treated as another
standard pattern for future matching with unknown pat-
terns.

4 Reduced pattern

A blurring method [2] is illustrated in Fig. 10. The bit
pattern is scanned in a horizontal direction from the first

K4

Fig. 9  Special case of pattern in which procedure (ii) is very difficult 10
use
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0 0 0 0 0 0

0 0 0 0 1 0

0 0 0 0 0 0

0 0 0 1 1 1

0 0 0 1 1 1

0 0 0 1 1 1
Fig. 10  Blurring method

to the last row, as !1's data are encountered, the neighbour-
ing data are also converted to I. The blurring method
ascribes the name ‘blurred level 1’ as scanning is com-
pleted once on the pattern, in the same way *blurred level
2" is the name of a pattern which is blurred twice and so
oh. As the blurred level is increased, the fine features of a
character are decreased, and noise is eliminated. In order
to improve the blurring method, the pattern of a character
is reduced by reducing the grey level (for example, the grey
levels represented by 0001, 0010 are reduced to 0000 etc.)
before performing the blurring. The similarity of blurring
characters (original data) and improved blurring charac-
ters (reduced data) is shown in Table 1. The similarity of

Table 1: Example of similarity (characters 1 and 2 of Fig. 1)

Blurred
level 0 1 2 3 4 5

Original 0.72 0.82 0.87 0.91 0.92 0.94
data

Reduced 0.75 0.89 0.94 0.95 0.95 0.95
data -

improved blurring characters at blurred level 2 becomes,
the same as the similarity of blurring characters at blurred
level 5, indicating that the recognition time is reduced if
the improved blurring method is used. The percentage of
rough classification of improved blurring characters as
blurred level 2 is shown in Table 2. r indicates the order of
reduced grey level, i.e. t = 4 means that the grey level rep-
resented by 0001, 0010 and 0011 is reduced to white level

Table 2: Percentage of rough classification of improved blur-
ring characters

Binary
threshold t=0 t=4 t=6

Correct 94.0 97.6 94.0
”/"

Reject 6.0 24 6.0
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(0000). To improve the rejection of characters, we can
proceed in two ways: firstly by adjusting blurred level, sec-
ondly by adjusting the standard pattern for matching with

Table 3: Examples of similarity with blurring level &

pattern of a category is complicated. Adjusted members in
each category are transformed to a unique appropriate
pattern by the Karhunen-Loéve cxpansion.

an unknown pattern. We will introduce next a new pro-
cedure to construct the standard pattern, i.e. Karhunen-
Loéve expansion (K-L expansion).

group of character

@47

20 A28y 50]) 4T\ 63

N

48

13 34

J6
088

55 &7

B0

3

)

haracter number

threshold value =0.94

Fig. 11 Example of grouping characters
Numbers refer to character numbers given in Fig 1

blurring level=5

5 Karhunen-Loéve expansion

If we let one character be a standard pattern and other
characters be unknown patterns, then the similarity value
is computed using eqn. 1. Table 3 shows examples of simi-
larity. The result of clustering characters [1, 2], using eqn.
4, is also shown in Fig. 11. Because some characters belong
to the members of many groups, to determine the standard

186

n A 4} 2 [\ 9 Y 3] ! f
11 ] 12| 13 14 15 | 16 | 17 { 18 19| 20
1.00 lo.93 | 0.85l0.86 | 0.75 1 0.83 |0.85 |0.78 |0.83 [0.90 | n 11
1.00 | 0.88l0.88 | 0.82|0.86 |0.86 |0.83 |0.88 |0.96 | n 12
1.00l0.87 1 0.75} 0.80 | 0.88 |0.91 |0.88 [0.96 | & 13
1.00 | o0.80]0.88|0.950.81 |0.87 |0.88 | w 14
1.00l0.850.77 |0.72 |0.79 |0.82 | ¢ 15
1.00 | 0.85 | 0.76 |0.84 |0.86 | % 16
1.00 |o0.82 |o0.84 |0.88 | ¢ 17
1.00 {0.90 |0.86 | o 18
1.00 0.89 | a 19
1.00 | a 20

The Karhunen-Loéve expansion is a method that pre-
sents the expansion of a random vector in the eigenvectors
of the covariance matrix. In the context of pattern recogni-
tion, the coefficients f,, f;, ..., f, are viewed as a feature
representing the observed vector.

The covariance matrix is defined by

/= (3 an)

An eigenvalue (4,) and eigenvector (p,) of these matrices
are determined from the equation

Vp: = ;"s ps (6)
The eigenvector of the maximum eigenvalue is a first prin-
cipal component (equivalent to standard pattern of each
category).

Fig. 12a shows a category no. 4 pattern, and Fig. 12b
shows an eigenvalue of category no. 4 which is trans-

formed by the Karhunen-Loéve expansion. Fig. 12¢ shows
a standard pattern of category no. 4.

6 Result of rough classification

The similarity of every character is computed. Any charac-
ter which has a similarity greater than or equal to the
threshold value of category n is to be the member of cate-
gory n. The result of rough classification of characters is
shown in Fig. 13A. In categories which have only one
member, this stage is the final recognition as shown in Fig.
13B.

The characters in each category of rough classification
are transformed by the Karhunen-Loéve expansion to
function as a standard pattern of each category. The learn-
ing (original) pattern of characters are matched with stan-

I1EE PROCEEDINGS, Vol. 130, Pt. E, No. 6, NOVEMBER 1983



dard patterns of each category to test the correction
members. In other words, a rotation of + 5 of the learning
pattern of characters are also matched with standard pat-
terns. The results of testing are shown in Table 4, the per-
centage of rejection and error are high. To improve
rejection and error, the rotations by +5° of the learning
pattern of characters are included to act as the new stan-
dard patterns. The results of testing with new standard
patterns are shown in Table 5.

Ay 2132 23
) A Ayz 1157
}\3:890
)\‘:6102
a b
B
+hiﬁ§i‘kﬁ:&¥+
‘wmERG - T RER -
B o~ C ma e AR -
+ g e o w +1t;
B, sl e - .
W sk eE o "R -
'z_%+sﬁ+ + 4. e B
. LER KEEEL e LS - 2
- R T N o T
CH XL e o = B
"hwm b ap -t o~ A g
R An oo -3 F
St A+ o on oW 38 IR
S W A n e P
P e Sy
E% I + =
“H + ¥y
c

Fig. 12

u Pattern of category no. 4 (see Fig. 13a)
b Eigenvalue of category no. 4
¢ Standard pattern of category no. 4

Category no. 4

0®

no. 1 no. 2 no.3 ]

RA A R AN

no.4 no 5 no. 6

L‘_
Va9 o [ awu
no.? no 8 no.9 J
44 U w WA
no.10 no 1 no 12
NW N 8 4 g 0 .
no. 13 no 14 no t
15
- n.:.IG“ .no-.'ﬂ‘ ‘n:.lg
111 6 8
no.19 no 20

Fig. 13A  Category numbers of rough classification
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7 Fine classification

The fine features of each character in a category are inves-
tigated. The cxplicit pieces shown in Fig, 14 are used as
standard patterns for matching pieces of unknown pattern
from the same positions. Which piece is determined
depends on the particular category of which the unknown
pattern is a member. The position measured from the
centre of the pattern and the dimension of explicit pieces
are selected by visual inspection. The number of explicit
pieces for each character are varied with respect to the
categories, for examplc, Fig. 14« uses only one piece, Fig.
14d uses two pieces etc. To get the best fine classification,
in some categorics we tried several times to change the
position, dimension and the number of explicit pieces. The
results of fine classification are shown in Table 6, the per-
centage of recognition correction of learning pattern and
of the rotation by +5 is 100%. only that of the rotation
by —5 is less than 100%.

8 Conclusion

The percentage of recogntion correction of printed Thai
characters by using the matching method as described

Table 4: Result of testing for rough classification

Pattern Correct Reject Error
Y Yo b1

Learning 100 — —

Rotation 94.0 48 1.2

(-5)

Rotation 94.0 6.0 —

(+5)
no.2! » no. 36 \
no. 22 - no 37 -
no 23 z no 38
no. 24 » no. 39 -
no 25 - no 40 [
no.26 o no. 41 9
no. 27 | no.42 “
no.28 y no. 43 0 -
no. 29 n no. 44 1
no. 30 b no.45 2
no 31 3 no.46 3
no. 32 ] no.4" 4
no 33 . no 48 5
no. 34 4 no.49 7
no. 35 . no 50 9

Fig. 13B  Final recoynition for one-member categyories
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Invited paper

Printed Thai character recognition using topological
properties method

CHOM KIMPANt

This paper describes a printed Thai character recognition method which uses
topological properties. The recognition system is divided into two stages. In the
rough classification stage, a thinning technique is applied to eliminate noise and
fine features. The thinned characters are separated into cluster domains by using a
linear decision function based on the height and width of each character. In the
fine classification stage, the ‘connected numbers’ of points in the character pattern
are computed. Topological properties are then used to distinguish between the
characters.

List of symbols

NC4) Connected number 4
NC(8) Connected number 8
S; Set of space
d{x) A linear decision function
(x1,X3, ..., X,, 1) Augmented pattern

a(Wy, Wa, ..., W,y )  Weight vectors
Wy, Wyy.nny Wy Labels of the classes
F(i, j) Pattern of a character
I, 1, Coordinates of the centre of gravity of a character
Q1,Q;,Q3, Qa4 Labels of quadrants
P1, P2, P3 Labels of properties -

1. Introduction

With advances in information processing systems, the need to deal with data or
documents containing Thai characters has been increasing rapidly. An optical char-
acter recognition (OCR) machine is therefore preferred as a fast and labour-saving
device. In order to develop such a machine, this paper describes a printed Thai
character recognition method using topological properties. The method can be
regarded as an alternative technique to the previous results given in Kimpan et al.
(1983).

The Thai characters and experimental data in this paper are the same as those
used in the earlier paper (see Appendix 1).

The sequence of the recognition method is shown in Fig. . The sampling and
segmentation procedures are also the same as those used in the matching method—

Received 28 May 1985; accepted 24 June 1985.
1 Computer Engineering Department, Faculty of Engineering, King Mongkut's Institute
of Technology, Ladkrabang Campus, Ladkrabang, Bangkok, Thailand.
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SAMPLING

{

SEGMENTATION

!

THINNING PROCESS

!

ROUGH" CLASSIFICATION

SOLATED
ASSIFICATION,

No
FINE
CLASSIFICATION

STOP

Figure 1. Sequence of recognition method.

see Appendix 2. After each character is separated from the sentence, the noise and
non-essential elements are eliminated by thinning to leave only skeletal pixels. In the
rough classification stage the thinned characters are separated into cluster domains
by using a linear decision function based on the height and width of each character.
Then, in the fine classification stage, the ‘connected numbers’ of the points in the
pattern of the character are computed. Topological properties are then used to dis-
tinguish between characters.

2. Algorithm for the ‘connected number’ (Rosenfeld 1970, Yokoi et al. 1973)

The ‘connected number’ describes a relationship between the pixels in the char-
acter pattern. It may be computed from the following algorithm.

Let x, be a point of a digital picture that is to be analysed. Neighbouring points
are x,, X,, X3, X4, Xs, Xg, X7 and xg as shown in Fig. 2. The connected numbers

x4 X3 xz

1% | A

% |* | %

Figure 2. Connectivity structure.
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NC(4)=4 1 NC(4)=0 | 1 1
NC(8)=0 111 1 | NC(8)=4 1
1 1 1
(a) (b)

Figure 3. Intersection strokes.

NC(4) and NC(8) can be computed from the following equations

NC(4) = kz.(xk — X X4 1Xk4+2) (1
NC(8) = kz (’_Ck - ’_‘k Xis 1it+z) (2)

where s, = 1,3, 5, 7fork < 8;andfork > 9—k =k — 8.
For example, in Fig. 3(a) we have
NC(4) = x; + X3+ X5 + Xg — X X3 X3 — X3 X4 X5 — X5Xg X7 — XqXgX;
=1+1+141-1.0.1-1.0.1.-1.0.1-1.0.1
=4
NC8) = Xy + X3 + X5 + X7 — X X3 X3 — X3 X4 X5 — Xs X Xq — X7Xg Xy
=0+0+0+0-0.1.0-0.1.0-0.1.0-0.1.0
=0
Similarly, from Fig. 3(b) we obtain
NC@8)=0+0+0+0-0.1.0-0.1.0-0.1.0-0.1.0
=0
NC@®)=1+1+1+1-1.0.1-1.0.1-1.0.1~-1.0.1
=4

3. The thinning algorithm (Stefanelli and Rosenfeld 1971)

To eliminate noise and improve the features, to make it easier to measure the
heights and widths of characters, the characters must be thinned. The thinning algo-
rithm used in this paper is an improvement on J. D. Hilditch’s algorithm, as follows:

1 BEGIN
2 F(,J)IS POINTS IN PATTERN, SET BORDERS OF PATTERN
3 FOR ALL PIXELS DO:
4 FOR ALL POINTS IN PATTERN DO:
5 BEGIN
6 IF PIXELS EQUALS 0 THEN LABEL WITH 4
THAT IS TO BE SET IN TERMS OF PROPERTIES,
NEIGHBOURING POINTS F(1,J) ARE A(1) TO A(8)
FOR A(II) EQUALS A(1) TO A(8) DO:
8 BEGIN

~
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C. Kimpan

IF A(IT) IS —1 THEN
Adl) =1
I =0
ELSE
IF AIl)< = 0 THEN
Al =0
ELSE
MOVE A(II) TO C(II)
END
END IF
MOVE A(1) TO A(9) AND C(1) TO C(9)
U =4 —(A(l) + A(3) + A(5) + A(7))
BEGIN
IF U =0 THEN LABEL WITH 4
FOR A(II) EQUALS A(1) TO A(8) DO:
BEGIN
IF A(IT) = 0 THEN LABEL WITH 18
IF A(Il) = 1 THEN LABEL WITH 18
V=V +1
W=W+1
END IF
IFV =<1 THEN LABEL WITH 4
IF W =0 THEN LABEL WITH 4
CALL SUB-CONNEC (A,X)
END IF
IF X =0 THEN LABEL WITH 4
IF AG3) = —1 THEN
AQ) =0
CALL SUB-CONNEC (A,X)
IF X = 0 THEN LABEL WITH 4
A(Q) =1
END IF;
ELSE
IF A(5) = —1 THEN TO LABEL 33
A(5) =0
CALL SUB-CONNEC (A,X)
IF X = 0 THEN LABEL 3
F(J), = —1
R=R+1
END IF; i
END IF;
END IF;
END IF;

END IF;
END IF;

SUB-CONNEC (A,X):



Thai character recognition 307

FOR A(IT) EQUALS A(1) TO A(8) DO:

B(II) = (I — A(I*2 — 1)*MAXO(A(IT*2),A(IL,2 + 1))
X = B(l) + B(2) + B(3) + B(4)

RETURN

An example of a bit pattern of a character is shown in Fig. 4(a), and the result of
application of the thinning algorithm is shown in Fig. 4(b).

W AW

4. Linear decision functions (Tou and Gonzalez 1972)

At the rough classification stage, because of the widths and heights of printed
Thai characters are different from each other, the thinned characters can be separat-
ed into cluster domains by using linear decision functions based on height and
width. A technique in which the bit pattern is scanned in both the horizontal and
vertical directions is used.

The width of a character in pixels is the distance between the left-most and the
right-most columns containing 1’s; and the height of a character in pixels is the
distance between the upper-most and the lower-most rows containing 1’s (see Fig.
4(b)). Let LN be the left-most column, LM the right-most column, CN the upper-
most row, CM the lower-most row; and let x, be the width and x, the height. Then
the width and the height of the thinned character are expressed by the following
equation

x;,=LM—LN +1 (3)
x,=CM —-CN + 1 4)

If x, and x, are the coordinates of the plane, we can plot a graph of all printed
Thai characters as shown in Fig. 5. A linear decision function to cluster the charac-
ters is of the form

dx) =wx;, + wyx,+ ...+ W, x, +w,, =0 (5

where the w are parameters and the x are coordinate variables. Equation (5) can be
also expressed in the form

d(X)=W'X =0 ©6)

where X = (x,, x5, ..., X5, 1) and W = (w, w,, ..., w,, w,,,) are called the aug-
mented pattern and weight vectors, respectively. In the two-class case, a decision
function d(X) is assumed to have the property

>0 if Xew,
<0 if Xew,
where w, and w, are labels of the class. When we have more than two classes,
denoted by w,, @,, ..., Wy, we must consider the multiclass case. For example, if
each pattern class is separable from the other classes by a single decision surface, in
this case there are M decision functions with the property

>0 if Xew
<0 otherwise

d(X) = W’X{ )]

d,(X)=W;X={ } i=1,2..., M ®)

where W, = (w;;, W3, ..., Wy, W; ,+1) is the weight vector associated with the ith
decision function.
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In our case we have seven main classes and the decision functions are as follows

dy(x) = x, + 14814 — 1-128x, )
dy(x) = x, — 37-161 + 0-926x, (10)
dy(x) = x, — 18:0 — 0-01x, (11)

The boundary condition and members of each class are as shown in Table 1.
We can divide the main class into sub-classes by performing new decision func-

tions, as follows

Ax)=x,—25 for class w, (12)
Bi(x)=x,—5
B,(x) = x; — 295 } for class w, (13)
Bi(x) = x, — 14
Cl(x) = Xl - 13'5
C,(x) =x, — 10 } for class w, (14)
Cy(x)=x, — 35
:i;:s Condition member
s w0 [AYANII(YUENNNEURBR
. oo |ONSUUNWANYITA I H A
swo [RWDTLT1Mhs 0waEE Doy
A oge)
d, (x)>0
“y dz(x)<0 - B vacomea vo
da(x)"O
d, (x)>0
g a: (x) <0 Q QU o + 10 9
d3(x)<0
d. (x)<0
Ly dz(x)<0 L
a3 (x) <0
d, (x)<0
w al (x)>0
s faws | 10
d, (x)<0
1 o
(x) >
o |ans VT ddlyaggwan
d) (x)>0
w, d, (x)>0 ?
da(x)<0

Table 1. Main classes.
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Tj;:s comdition member
[ AYARNSIR YUY ENY BN EW R ROV
oy a0 [ERUNNWNANYSATFAY AN
d21beECE DOV E e
u)lz A(x)<0 ¥ ® (4] O
(x)<0
wyy (x)>0 —
B3(x)<0
B, (x)<0
w B2(x)<0 -
22 B3(x)<0
Bl(x)>0
wy3 B2(x)<0 o o o0 & o Yoo
B3(x)<0
B, {x)>0
w Bé(x)<0 @
2 B (x)>0
C. (x)>0
w C2 (x)>0 Y
31 c;(x)>0
Cl(x)<0
w C.(x)>0 '
32 c2(x)»0
w €y x1<0 qQ + o 9
C. (x)<0
33 Ci(x)‘»o
Cl(x)<0
w34 C,x)<0 "
C.z(x)<‘0
ug ) E(x)>0 /
w E(x) <0 ()
52
© F(x)>0 “L "L I
61 )
a4 % °
N o 1Y 0I WA

Table 2. Sub-classes.

F(x)=x, —47  for class ws (16)

The boundary conditions and members of each sub-class are as shown in Table

2.
The decision functions d{x) are performed by using linear regression formula as

follows
a=y—bx N
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where j = Y x,/N and X = ) x,/N;and
NY x,x, =¥ x, ) x4
b= 18
NY - us

where N is the number of points. a and b are then substituted into the following
equation

d{x) = x;, —a — bx, 19)

For example, we can find d,(x) by the following procedure. Select the point on
the surface of classes from Fig. 5; hence

X, : 25, 32, 28, 42, z x, =127
x,:17,26, 9,32, ) x, =84

. 2Xxp 127
x=5"=7 = 3175
. x84
y=ry= =

Y x3 =25 + 32% + 287 + 42°
= 625 + 1024 + 784 + 1764
= 4197
Y x3%; = (25 x 17) + (32 x 26) + (28 x 9) + (42 x 32)
= 425 + 832 + 252 + 1344
= 2853

b=NZx2xl IS
NY x5 - x)?
_ 4(2853) — 127(84)
T 4(4197) — (127)?
11412 — 10668 _ 744+
= 16788 — 16129 659

b=1128

a=y-—bx
= 21 — 1-128(31-75)
=21 - 35-814
= —14-814
dy(x) = x, + 14-814 — 1-128x,

5. Topological properties of characters
At the fine classification stage, the topological properties of characters which are
represented in the form of numerical digits allow the separation of various aspects
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NC(4)=0 1 1 1 | NC(4)=0
1 NC(8)=0 1 1 1 | nNC(8)=0
1 1 1
(@)
NC(4)=1 NC(B)=0
1 NC(8)=1 1 NC(8)=1
1 1
(b
1 1 1
11 1 1 1 1]1 1 1
1
NC(4)=1 NC(4)=2 NC(4)=2 NC(4)=2
NC(8)=2 NC(8)=2 {(c) NC(8)=2 NC(B)=1
NC{4)=0 1 1
NC(8)=2 1
1 1 1 1 1
1|1 1 1 1 1311

1 1 1
NC(4)=3 NC(4)=0 NC(4)=1 NC(4)=2
NC(8)=1 NC(8)=3 NC(8)=3 NC(8)=2

(d)

Figure 6.- (a) NC(4) and NC(8) of independent or inner strokes. (b) NC(4) and NC(8) of end
strokes. (¢) NC(4) and NC(8) of connecting strokes. (d) NC(4) and NC(8) of branch
strokes.

such as end strokes, ‘intersection strokes, connecting strokes, independent or inner
strokes.” All of these properties can be used to discriminate between characters. By
using eqns. (1) and (2) to compute NC(4) and NC(8) of these properties, the results
can be as shown in Fig. 6. The results are summarized in Table 3.

Let 0 represent inner or independent strokes, 1 represent end strokes, 2 represent
connecting strokes, 3 represent branch strokes, and 4 represent intersection strokes.
Therefore by using a computer program to compute NC(4) and NC(8) of each point
in the patterns of thinned Thai characters, we can convert the patterns into the form
of topological properties, as shown in Fig. 7. Let P be the topological properties of a
character; then the conversion rules are as follows

If NC(4) = 0 and NC(8) = 0, then

P=0 (20)
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If NC(4) = 1 and NC(8) = 1, or NC(4) = 0 and NC(8) = 1, then
P=1 {21)

If NC@) =1 and NC(8) = 2, or NC(4) =2 and NC(8) = 2, or NC(4) = 2 and
NC(8) = 1, or NC(4) = 0 and NC(8) = 2, then

P=2 (22)

If NC(4) =2 and NC(8) = 1, or NC(4) =0 and NC(8) = 3, or NC(4) =1 and
NC(8) = 3, then

P=3 {23)
If NC4) = 4 and NC(8) = 0, or NC(4) = 0 and NC(8) = 4, then
P=4 (24)

Because intersection strokes ra\rely occur in printed Thai characters, they may be
expressed in branch strokes;fbi,. converting the points that have NC(4) =4 and
NC(8) = 0 or NC(4) = 0.and NC(8) = 4 into 3.

6. Decision table

The properties of each character in each class of the operation at the fine classi-
fication stage can be shown in the form of a decision table, as shown in Table 4. To
design the decision table, we first compute the centre of gravity of the pattern of
each character by the following equation

Y Y iFG,))
IL=t—— (25)
Z Y. F(, j)
i
¥ Y JFG, )
> 2 FG. j)
i

where F(i, j) is the pattern of the character and I, and I, are the coordinates of the
centre of gravity. Secondly, we divide the pattern of each charactet into four quad-
rants by using the centre of gravity as the centre of the quadrant. However, before
making the quadrant, the centre of gravity of a character must also be the centre of
the frame of a character pattern. Then, thirdly, we can list the number which rep-
resents the topological properties on each quadrant into the decision table.

If we let one property have the weight of 1 in each quadrant, we can compute
the weight of the character by adding together the weights for all four quadrants.
The character weights can be used to cluster the characters in the sub-class into
sub-groups. Table 4 also shows the value of d{x). When the properties of characters
are all the same in every quadrant, these di(x) can be used to discriminate charac-
ters; for example sub-class wg, as shown in Fig. 8.

In the case shown in Fig. 9, since neither the properties nor d{x) can be used to
distinguish between these two characters, a special method must be used. The bit
pattern of the thinned character is scanned in a vertical direction through its centre
of gravity from the top of the pattern until 1’s data are encountered. It is then
back-stepped by one bit position, and the bit pattern is then scanned in a horizontal

|

(26)

I.V
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direction. If I’s data are encountered, this indicates character no. 2; otherwise it is
character no. 1.

7. Fine classification procedure

We can perform the fine classification procedure by inspection of the decision
table. After the unknown input data have passed the rough classification procedure
as described in the previous section, the sub-class-of this input data is identified, and
the fine classification procedure is started at that sub-class by inspecting the weight
of the character. The properties of the character are then inspected starting from
quadrants 1, 2, 3 and 4 respectively as, for an example, shown by the flow chart of
sub-class wg, in Fig. 10.

Start w
Sub-Class 6

Figure 10. Procedure of the fine classification stage.
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8. Conclusions

Completely successful recognition of printed Thai characters by using topologi-
cal properties has been achieved for both rough classification and fine classification
of learning-pattern input data. With corrupted line pattern input data, as shown in
Fig. 11, the percentage of correction is still high enough for character recognition:

The weak point of this method is at-the fine classification stage. If a corrupted
line occurs in the pattern input data, the skeletal shape of the character will be
slightly distorted after the thinning process, and hence the properties will be also
distorted in some quadrant (Fig. 11). Consequently there will be an error in the
weight of the character, and the cluster of this character will also be in error. To
avoid this we should not use weight to clister the character, and discard the proper-
ties in that quadrant.

Another case that we must pay careful attention to is the small circle called the
head of the character. If the head of the character is broken, the properties indicat-
ing the head at that quadrant will disappear, and the cluster of that character will
definitely give an error.
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Appendix 1. Thai character sets

CONSONANT

NYANVIRYYHNEYH N MW AR

NG VUUNHNNNWNAAHNYIRIFAY H
“nWad

tnmmm=eetulll

TONE OF VOICE

s vV @ e
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YN f - vaae ()x?—-/"%
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Appendix 2. Sampling and segmentation procedure
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