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ABSTRACT

This thesis investigated ring projections and Fourier descriptors in an invariant Thai
printed characters recognition system. In particular we emphasise character invariance with
respect to translation, rotation, and scale differences in input character images. The problem
of invariance is difficult because of the large number of training samples for which the
classifier needs to be trained. This thesis development consists of two phases.

The first phase involves a recognizer using a ring projection and rough set method. The
ring projection method is invanant to rotations, translations, and scales, which are based on
the total number of foreground pixels as distributed along circular rings. Then the object’s
attributes are set up by these values. The rough set system is used to reduce the object.’ s
attribute data and generate the decision-making rules for coarse and fine classification.

The second phase involves a recognizer using Fourier descriptors and neural networks. A
character is first classified into group based on the number of inner perimeter of a character.
Then the group is further classified by Fourier descriptor coefficients of the outer perimeter of a
character. Multi-layer neural network is used as a classifier to learn these coefficients of each
group and compute the weighting of networks for classification.

The test character set consists of 2,752 characters (four fonts, Angsana New, Browalia
New, Cordia New, Eucrosia UPC, four sizes in each font, 14, 18, 22, and 28 points). The
recognition rate 87% accuracy for ring projection and rough set method and 91% for Fourier
descriptor and neural network method respectively. Some mis-classified to be groups are
caused in the first phase, which causes the total rate of recognition to be lower than the
method in the second phase. Confusing classes are hard to distinguish. The classification of
characters relies on how good the discriminator is. In doing so, confusing classes are better

separated, to increase the recognition rate.
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CHAPTER 1
INTRODUCTION

1.1 Character recognition

Character recognition is a topic that has been investigated for many years. No
solution has been offered that solves the problem both efficiently and completely
because the broblem is complex in nature. This problem depends on a process that
segments the input into individual characters, and the recognition methods.

In the case of Thai character recognition, there are many approaches that have
been tried to make computers recognize the characters. The preliminary stage of this
field, which concems the use of the matching method was described by Kimpan, Itoh,
and Kawanishi (1983). Subsequently, the topological properties Kimpan (1989) are used
to improve recognition accuracy. In 1987, the same author proposed the recognition
method of printed Thai characters using the Karhunen Loéve expansion by Kimpan, Itoh,
and Kawanishi (1987). Hiramvanichakorn, Agui and Nakajima (1982, 1984) used local
features of Thai characters, such as convexity and concavity of stroke in their
recognition system. Airpaiboon et al. (1989, 1996) used the heads of Thai characters to
recognize the handprinted Thai characters. From the example methods as mentioned
the recognition rates of these methods were satisfactory, but there is the rotated and

scaling character problem.

1.2 Character pattern recognition system

An OCR system (David Freedman M., 1974) such as shown in Figure 1.1, 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, filters the noise
out from them.

The preprocessor examines the output of the scanner and performs quantization. In
addition, the preprocessor will transform the signal suitable for the operation of

recognition method and to make it easier to store them.



The recognition 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.

Electrooptical Recognition
Thai =3 > —— —>Thai"
converter Preprocessor method

Figure 1.1 Major components of an optical character recognition system are shown

between "input” and “output”

1.3 System overview

The system consists two major phases as illustrated by Figure 1.2. The first is a
training phase, where we attempt to find the patterns that best represent the shapes of a
given class. Training is typically done once at the creation of the system, and kept for
the recognition of the unknowns.

The second phase of the system consists of a recognition phase where, once the
set of models is established, unknowns are presented to the system. The value of
unknowns is computed and compared with the model base. If the value of an unknown
falls in rule-based or a given threshold, the pattern will be identified as belonging to a

certain class.

Unknown Pattern ‘1ng

.

Training Recognition  ——pResult

/ “Ing
<>

W Model Base

Figure 1.2 Overview of the system architecture




1.4 Objectives of the study
The objectives of the study are:
1. To design a hybrid algorithm of the ring projections and rough sets for invariant
printed Thai character recognition system.
2. To design a hybrid algorithm of the Fourier descriptors and neural networks for
invariant printed Thai character recognition system.

3. To achieve high recognition accuracy.

1.5 Scope of the study

The scope of the study will be limited to a hybrid implementation of the ring
projections and rough sets, and the Fourier descriptors and back-propagation neural
networks for invariant printed Thai characters recognition system.

To implement the ring projections and rough sets experiment, simulation programs
are developed using Matlab 5.3 and run in Window 98 environment of Compaq personal
computer Pentium 60.

In the case of Fourier descriptor and neural networks experiment, simulation
programs are developed using turbo C++ version 3.0 and DOS environment of Compaq

personal computer Pentium 60.

1.6 Thesis outlines
The first few chapters of this thesis provide some essential background and a
summary of related work in pattern recognition:
Chapter 1 Introduction
Chapter 2 Literature Review
Chapter 3 reviews the Thai character and preprocessing
Chapter 4 reviews the field of neural networks
Chapter 5 reviews the field of rough sets. The remainder of the thesis describes our
own research, evaluating hybrid system
Chapter 6 presents our research with ring projections and rough sets, and explains
the core, reducts, generating rules from reducts, and the classification

results



Chapter 7 presents our research with Fourier descriptor and neural networks, and
the classification results.
Chapter 8 presents the discussions of this thesis.

Chapter 9 presents the conclusions of this thesis.



CHAPTER 2
LITERATURE REVIEW

This chapter contains a brief overview of literature related to the invariant character
recognition. The first section presents the related literature on invariant recognition
method, and the second section is a brief survey of the rough sets in character

recognition.

2.1 Invariant recognition methods

Pattern recognition and character recognition, in particular, has been attempted
with many different systems and algorithms. We will briefly look at the special invariant
recognition method. ‘

The aim of invariant recognition is to identify an object independently of its position
(translated or rotated) and size (larger cr smaller). In invariant pattern-recognition
models, preprocessing is defined as the extraction of appropriate invariant features that

are then used for recognition by a classification system.

2.1.1 Moment method

Moment invariants have become a classical tool for object recognition since the last
30 years. The moment invariant can be derived from the definition (Nadler and Smith,

1992):

Mg = ”xp y* f(x, y) dx dy (2.1)

For instance, the image parameter I(x,y), and p,q are positive integers 0,12, ....
Integration is over the entire plane. Discrete pixels x,y are their coordinates. We replace
the double integrate by a double summation. We can interpret M, as the total blackness
(““mass”) of the image. M,, and M, as the moments of inertia of the pattern about the x-

and y-axes, and so on. It can be shown that under certain general conditions an infinite



sequence of the cosfficients M,q. Where p, @ =0, 1, 2, ..., 9, is uniquely determined by

f(x,y) and, conversely, f(x,y) is uniquely determined by the infinite sequence M, .

2.1.2 Fourier descriptors

The pattern recognition problem can be viewed as a signal-processing problem
where the closed contour of a pattern is considered as a periodic signal. Such a signal
can be expressed as a series of sums of complex numbers as given by the coefficient of
the Fourier series (Persoon and Fu, 1977). This method is based on using the coordinate
values of the pixels of the character primary part to obtain the Fourier descriptors. The
character’s closed boundary can be represented by a periodic function in a two-
dimension x-y plane tracing once around it. The character contour yields a complex
function that denotes the parametric representation of the boundary coordinates. The
normalized Fourier descriptors are invariant with respect to translation, rotation, and
scale of characters. Hence, larger pitch characters may be recognized without the
modification of the model features. However Fourier coefficients contain enough
information to properly reconstruct the original shape suggesting that they do keep the
bulk of the information. A review of the works shows that Fourier descriptors have been
used in the past for recognizing characters as following.

Persoon et al (1977) introduced Fourier descriptors (FDs) as a form of shape
discrimination. In this research Fourier descriptor is used for obtaining skeletons of
objects, and uses optimal curve matching between two objects for recognizing.

Man and Poon Joe (1992), Chunge and Wong (1997) introduced hybrid Fourier
descriptors and neural networks. This algorithm uses Fourier descriptors as unique
features in representation of contours. The characteristic of this algorithm is to represent
the object by several sets of FDs, which represent different portions of the object. The
learning approach in this method-uses back-propagation neural networks.

Mahmoud (1994) presented the use of Fourier descriptors for the Arabic recognition
system. The recognition method based on estimating the Fourier descriptors and .
curvature features of the contour of the primary part of Arabic characters. Ten Fourier
descriptors, 16 direction and direction length features, and 20 concave and convex

features for the quadrants of a character and for the whole character are extracted. In



addition, the number and location of dots and the number of holes are estimated by two
methods. The first method estimates the number from external contours and the other by
dividing the total area of dots by the average dot area found in the training phase. The
use of several features is necessary to achieve higher recognition rates of Arabic
characters.

Taxt and Bjerde (1994) applied the properties of elliptic Fourier descriptors for the
classification of handwritten vector symbols.

Szmurlo (1994) investigated the application of Fourier series in pattern recognition.
This technique is used in obtaining the starting point shift and normalizes it by rotating
the coordinates of the contours.

Jeong Cha-Sup and Jeong Dong-seok (1999) used Fourier descriptors and contour
information for handwritten digit recognition. This technique uses the similarity function
to measure the similarity distance between normalized Fourier descriptors of input digit.

Chen and Bui (1999) 'bresented the use of Fourier-wavelet descriptors for pattern
recognition. This technique transforms it to polar coordinate using the center of mass of
the pattern as origin; then applying 1-D Fourier transform and wavelet transformation
with the features in polar form.

Phokharatkul et. al. (2000) invented the hybrid Fourier descriptors between genetic-
neural networks and fuzzy neural networks for the Thai printed characters recognition
system.

There are several interesting research issues in using Fourier descriptors for pattern
recognition. It has many useful properties, one of which is that shifts in the time domain
do not affect the spectrum in the frequency domain, i.e. Fourier transformation is

translation invariant with respect to the spectrum.

2.1.3 Rings projection

In recognition of digital figures, many methods have been introduced. However, it is
a well-known fact that in many real-life pattern recognition situations, such as optical
character recognition, patterns are often found to be rotated due to experimentation
constraints or errors. This implies that a new pattern recognition method must be

developed that is invariant to rotations. Then, a two-dimensional histogram is proposed



to transform 2-D patterns into 1-D pattern obtained from ring projection invariant to
rotations Tang et. al. (1996, 1998). Ring projection is defined as the total number of
foreground pixels as distributed along circular rings. These have a radius dependent on
a centroid of the shape, but independent of the shape’s position, orientation, and scale.

Tang et. al. (1998) presented a recognition method that utilizes ring-projection-
wavelet-fractal signatures. This technique employed a ring projection method to reduce
the dimensionality of the origin input pattern, and a wavelet transformation is used to
transform the derived pattern into a set of subpatterns, from which the fractal
dimensions can readily be computed.

Phokharatkul et. al. (2001, 2002) used the hybrid ring projection and rough sets. A
rough set method is used to transform examples in a reduced set of rules. This method
uses rough set theory, concepts of core and reduct of knowledge, and decision-making
of max-min boundaries.

In this thesis, we proposed the procedures to develop the invariant characters
recognition for multi fonts printed Thai character, which will be described in chapters 6

and 7 respectively.

2.2 The application of rough set theory in characters recognition

Rough set theory constitutes a framework for inducing minimal decision rules. These
rules in turn can be used to perform a classification task. Rough sets have already been
applied to a very wide variety of application domains with satisfactory results. There has
been an attempt to make application of this theory into pattern recognition, but there are
few implementations.

Nejman (1995) presented the use of rule based and matching method in the
handwritten numeral recognition.

Kim and Bang (1999) proposed the tolerant rough set for handwritten numeral
recognition. This proposed method uses the similarity measure between two data. It is
described by the distance function of all constituent attributes and they are defined to

be tolerant when their similarity measure exceeds a similarity threshold value.



Kasemsiri et. al. (2000, 2001) used rough sets and the hybrid of fuzzy-rough sets for
printed Thai characters recognition, but they do not consider invariant problem as in the
hybrid ring projection and rough sets (Phokharatkul et. al., 2001, 2002).

Furthermore, there has been development in rough sets with other fields such as
image processing, data mining, and power system. The detail of these applications of
rough set theory for invariant Thai printed character recognition will be described in the

next chapters.
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CHAPTER 3
THAI CHARACTERS AND PREPROCESSING

3.1 Thai characters

Thai characters consist of 42 consonants, 18 vowels, 4 controlled voice tones, and 3
special symbols as shown in Figure 3.1. As a result, 87 fundamental characters
(including Thai numerals and Arabic numerals) are obtained.

The structure of most Thai characters consists of small loops (heads of character)
combined with curves and lines. The heads appear in various locations of each
character. By counting the number of Thal characters, we can categorize three groups
of Thai characters.

- No-head characters: eg. “N”, “8”, “1”.

- One-head characters: eg. “3”, “a”, 77 “n”.

- Two-headed characters: eg. “W”, “1”, “@” “wn”.

Writing a Thai character always starts with a head (if the character has a head or
loop) followed by the other component. Most Thai characters consist of only one stroke,

2% 2
3

€K
except i + .

, and
A Thai language sentence, such as that in Figure 3.2, is composed of consonants,
and vowels on different levels. The vertical level can be divided into four parts as shown

in Figure 3.3.

NUAIHINFEAYRNTNANUA
sounsuudwdndnesalaw
AN T

14899 17

1 W + &

1

Figure 3.1 Thai character set consists of 42 consonants, 18 vowels, 4 controlled voice

decadddl o

Q2 U

tones, and 3 special symbols
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In general, a Thai word is noncursive in printing. This mean that there is no
connected part between two consecutive characters in a word. This suggests easy
segmentation of each character from a word. Unfortunately, the Thai word has a
complicated line level structuring, as shown in Figure 3.2. Overlapping of characters will
occur when a word consists of consonants, vowels, and tonal symbols, as shown in
Figure 3.2. From Figure 3.2, the vowel *“«~”* overlaps with both consonants: eg. “W”* and
“n, “9” and “Y”, “9”” and “A”’,

Tonal symbols are located on the tonal line level. However, when a word has no
upper vowel characters, the location of tonal symbols will be shifted down to the position

of the upper vowel line level.

9/ 9
Tusaud Tasamssagastinison saeasiay
! o 2 A
ma lu Tagmsaumea ifnaasvudodl w.a. 2540

Figure 3.2 Example of 'fhai language sentence. Translation: Since research center for

communications and information technology has been in B.E. 2540

Tone of voice X
Upper vowel X X X X
Consonant and middle vowel | X X X X X X
Lower vowrel X X
® ¥ 9§ ©® 8 8
a.) b.) c.) d) e) £)

Figure 3.3 Composition of Thai character word or sentence. The Thai language
sentences are composed of consonants, vowels and controlled voice

tones, on different levels

The difficulty of Thai character recognition is the problem of similar characters. The
consonant characters “NN”, “0.A” “any”, “ana”, “am” and “98” are

examples of similar characters. The differences are the stroke of head, and the fork point

of the characters, which lead to the problem of recognition.
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3.2 Contour invariant in digital images

We will describe the property of invariance to digital images. Discussing the contour

invariant provides an universal theory for 2D digital images which is completely
independent of neighborhood used. The basic definition on discrete geometry is defined
as follows: (XIA, 1995)
Definition 3.1: Let P,_,, P,, and P,, , be three consecutive contour pixels and separate
its j -neighbors into object side and background side. Let Z P,—,P, P, , be the interior
angle (in objects side) at P, Local curvature at P, LC(P, ) represents the complementary
angle of Z P,_,P,P,, , as shown in Figure 3.4. Note that X pixels are interior points.

The value of local curvature LC(P,) 2 0 if £ P,,P, P,, , is convex ( Figure 3.4 (a) )
or LC(P,) < 0 when Z P,-,P,P,,, is concave (Figure 3.4 (b)). As local curvature in
Figure 3.5 is an example of different local curvature in 8-neighbors. By the definition of
contour, LC may have discrete values { -2, -1, 0, 1, 2, 3, 4}. In the Figure 3.5, X pixels
designate object/contour pixels, a circle pixel stands for the current edge points, and the
numeric in center represents LC at these points.

Definition 3.2 : Total curvature TC(@C) is the sum of local curvature LC on a contour OC

and denoted by 3T LC(P, | P, '€ 8C) -

Corollary 3.3 : In digital images, TC(OC") = - TC(OC) = N, where N equals 8 for

rectangular tessellation and 6 for hexagonal tessellation.

P

l" .\‘W

rijl—f{;- X P,

XK XX
(a)

(b)

Figure 3.4 Local curvature in 8 — neighbors

In this research, digital boundary tracing of characters is made and the traced
boundary is coded by the definition of contour invariant. The definition of the contour
invariant is used to obtain the local curvature codes of each Thai character. The

definition of contour invariant is independent of contour-tracing orientation. Figure 3.6



13

ilustrates the resuiting images in which a and b represent local curvature values—1 and
—2 on contour pixels. The local curvature of contour invariant is used for smoothing and

to compute the concavity and convexity of boundary in the next section respectively.

i

Figure 3.6 Component with distinguished outer and inner contours. The contour
codes 0, 1, 2, 3, 4, a, and b are coded by the definition of contour

invariant

3.3 Preprocessing

3.3.1 Isolated points femoval

Isolated points (Figure 3.7) in a binary image are probably caused by noise, so any
3x3 mask to apply to any image is one that would remove such points. A mask is passed

over the image to decide whether pixels should be removed or added. A black pixel is
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removed when the sum of all eight neighbors is 0. Similarly a white pixel is removed (that
is a black pixel is added) when it matches with a mask shown in Figure 3.7 (b). Note that

X pixels are black points and 0 pixels are white points.

0[0]0 21X ?
0[X0 X0
ololo ?2 X2

(a) Isolated black pixel (b) Isolated white pixel
Figure 3.7 A 3x3 mask for the removal of isolated pixel. In the mask, the letter ‘0’
stands for a white or background pixel, ‘X’ stands for a black or fore-

ground pixel and ¢?” can take elther value black or white

3.3.2 Local smoothing of character image borders

In some cases, we might want to remove or add one or two pixels to the character
image borders. The algorithm that smoothes the border of characters performs two
operations: removing and filling. Removing is performed when the- border is locally
convex. It clears some border pixels in order to remove the local convexity. Filling copes

with local convexity. In Figure 3.8 (a), we wish to remove and add the consecutive pixels

(a) (b)
Figure 3.8 (a) Original image (b) Smoothed image

that aré circled. The smoothing operations on the border of a character image are
performed by applying the contour-following (Richard and Peter, 1973) and the contour
invariant of character images traces the external boundary points. We use the invariant
codes of the image to detect local curvature noise: such as convex (01b10, and 01aa10

codes) and concave (0a2a0, 0a11a0 codes) in the character image borders. Local
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curvature noise is removed or added when it matches one of the situations described in
Figure 3.9. Thus, we define a simple smoothing operation, to remove or add one or two
pixels to external boundary contours of character image, using the contour invariant
codes.

|

-
2\ E >
00122a100—00000000

s

00a222800——000000200 00at1ad0—00000000
(a) (b) (c) (d)
Figure 3.9 Contour: (a) and (c) original, (b) and (d) smoothed

3.3.3 Stroke thickness normalization

Stroke thickness normalization is computed as defined by Schurmann (1992). First,
it is assumed that each character is written with a fixed stroke width, or the stroke width
is the same throughout the entire image. Second, we assume that each character shape
can be modeled as a line with length / and width w. Then the number of black pixels P is
equal to / x w and the circumference C of the shape is equal to 2 (/ + w). From the
preprocessing stage, the values of P and C are already known for all connected
components. Solving these equations, the stroke width, w, of the character mode! can

be readily determined.

3.3.4 Segmentation of Thai characters from the sentence

The segmentation of Thai characters (Airphaiboon et. al., 1996) from the sentence
must be done before the decision of the unknown pattern process, because the
construction of the Thai word, as shown in Figure 3.10 (a), is different from an English
word: it is more complex. But the Thai word is noncursive and has no connected part
between two characters in a word. Then, it is easy to produce segments from each
character from a word. The procedure of segmentation is applied to extract each

character (CS, UV, MV, LV or TS) from a given word. The algorithm is based on
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histogram analysis and contour tracing. An example of this algorithm is shown in Figure
3.10.
Figure 3.10 (a) shows a complicated Thai word, which consists of three CSs (“3”,

€6 9% ¢¢ ”
v7).

“U”, “9”), one LV (“a”), one MV (“»l”). one LV (“a”), and two TS (s Using
the average value of the horizontal projection profile of this word, the component line
leve! is obtained as shown in Figure 3.10 (b.). in this step, the upper part of the middle
vowel “vl” is deleted because it is located in the upper vowel line (the horizontal
projection profile value is less than the average). To restore the deleted parts, a contour
tracing algorithm is applied, starting from one pixel (Xs, Ys) and going to a pixel (Xe, Ye)

of each deleted part ( Figure3.10 (b) ).

Tonal symbol § y

(Xs,¥,) /(xe,Ye £, Upper vowel

Mg s Vi3

Lower vowel

(2) (b) ()

Figure 3.10 Single-character segmentation is base on histogram analysis and contour

tracing

For each character in the consonant line level, UV, TS, and LV are searched, and
their locations are determined in the upper vowel, tonal and lower vowel line levels,
respectively ( Figure 3.10 (c) ).

In an orientation case, we cannot use a segmented character as mentioned above,
because some characters may be digital images shifted or rotated from the horizontal or
vertical line as shown in Figure 3.11. So, we must scan digital images in a left to right
and top to bottom direction. If the pattern of each character is found, then we pull out
one character from the other. To obtain a full scan we continue to separate characters
until the end of the digital images. With each character from the orientation case, it is not

necessary to normalize the rotation and scaling of the character, because the



SWpemyana1le wizesuindaanseis .

normalized ring projections and Fourier descriptors can solve these problems, as shown

in the Chapter 6 and 7 respectively.

The Thai characters

FUIUNTHER

a

1

Figure 3.11 An example of the orientation characters

41530



CHAPTER 4
NEURAL NETWORKS

4.1 Fundamentals of neural networks

In this chapter we briefly review the fundamentals of neural networks. There are
many different types of neural networks, but they all have four basic attributes:

- A set of processing units,

- A connectivity option,

- A computing procedure, and

- A tralning procedurs.

Let us now discuss each of these attributes.

4.1.1 Processing units

The units of a network are typically divided into three units as follows:

- Input units, which receive data from the information,

- Hidden units, which may internally transform the data representation, and

- Output units, which represent decisions.

4.1.2 Connectivity options

A network can be connected with any kind of connectivity (Nelson and lllingworth,
1990). Connectivity has to do with how the outputs are channeled to become inputs. The
output signal from a node may be passed on as input to other processing elements, or
even possibly sent back as an input to itself. Each kind of topology is best suited to a
particular type of application. For example:

- When no processing element output can be an input for a node on the same layer
or a preceding layer, the network is described as a feed-forward network.

- When outputs can be directed back as inputs to previous or some-level nodes, the
network is a feedback network (figures 4.1 and 4.2). Feedback networks that have

closed loops are recurrent systems.
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4.1.3 Computation
The basic operation of an artificial neuron (Tebelskis, 1995) involves summing its
weighted input signals and applying an activation function to generate the output. Let X

= (Xyy Xy -y xn)t represent inputs applied to the artificial neuron. w, is the weight from unit

™~
=) S

Feedback loop

i to unit .

Figure 4.1 A single node with feedback to itself

Figure 4.2 Network with feedback to previous nodes

CD\
el

Figure 4.3 Computing unit activation, X = net input, Y= activation

T

ﬁ

G
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The net input for unit j is given by
X,=ZY| W 4.1)
i

where y, is the output activation of incoming unit, and

W, is the weight from unit i to unit ]

In general, the net input is offset by a variable bias term, 0, so that for example

equation (4.1) is actually:
X = Z YiW, + 6] (4.2)
i
The net input, X is further processed by an activation function f(x) to produce the

neuron output signal O(x). Often, activation values are restricted to the range [0,1]. The

most commonly used activation function is the sigmoid function, which is given by
{00 = 11 + exp(x)) (4.3)
The output of the neuron with the sigmoid activation function is then given by

O(x) = 1/(1 + exp(-x) (4.4)

xl\ output = Fnet)
X —— s/ F >
Xq b

1

Figure 4.4 Artificial neuron with bias

A schematic diagram of an artificial neuron with multiple input and a bias is shown in
Figure 4.4. Let X = (x,, X,, ..., X,) represent the n input applied to the artificial neuron.

The output of the neuron is then given by equation (4.4). The neural outputs pass
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through unidirectional synaptic connections. There are many types of activation
functions. Figure 4.5 shows the various activation functions.

The most common function is the sigmoidal function, illustrated in Figure 4.5 c.)
Sigmoidal functions have the advantages of nonlinearity, continuousness, and
differentiability, enabling a multilayer network to compute any arbitrary real-valued
function, while also supporting a practical training algorithm, back-propagation, based

on gradient descent.

(a) (b) (c)
Figure 4.5 The activation functions: (a.) linear, (b.) Threshold, (c.) sigmoidal

4.1.4 Training

Training a network, in the most general sense, means adapting its connections so
that the network exhibits the desired computational behavior for all input patterns. The
process usually involves modifying the weights, but sometimes it also involves modifying
the actual topology of the network, i.e., adding or deleting connections from the network.

Finding a set of weights that will enable a given network to compute a given function
is usually a nontrivial procedure. An analytical solution exists only in the simplest case of
pattern association, i.e., when the network is linear and the goal is to map a set of

orthogonal input vectors to output vector. In this case, the weights are given by

W, = _ﬁ,_tf,_ (4.5)
"y I

where vy is the input vector,
t is the target vector, and

p is the pattern index.
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In general, networks are nonlinear and multilayer, and their weights can be trained
only by an iterative procedure, such as gradient descent on a global performance
measure. This requires multiple passes of training on the entire training set (rather like a
person learning a new skill). Each pass is called an iteration or an epoch. Moreover,
since the accumulated knowledge is distributed over all of the weights, the weights must
be modified very gently so as not to destroy all the previous learning. A small constant
called the learning rate (€) is thus used to control the magnitude of weight modifications.
Most training procedures, including equation (4.5), are essentially vanations of the Hebb
rule, which reinforces the connection between two units if their output activation are
correlated:

AW g = Ev. .

One important variation of the above rule is a correlation between the first unit's

activation y, and the second unit's error relative to its target t;:

awj =EQtj -5;) @4.7)

To force each actual output y; toward the correct output target t, we adjust the
weights so as to minimize the total sum-squared error E between the- targets t and the
actual outputs y,, over all Q examples. The total sum-squared error is defined via the

Euclidean distance to be

Q
E= 2it-yf (4.8)
j=1
There are three main classes of learning procedures:
- Supervised learning, in which a “teacher” provides outbut targets for each input

pattern, and corrects the network’s errors explicitly,
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- Semi-supervised (or reinforcement) learning, in which a teacher merely indicates
whether the network’s response to a training pattern is “good" or “bad”, and
- Unsupervised learning, in which there is no teacher, and the network must find

regularities in the training data by itself.

4.2 Feed-forward neural network and back-propagation

The back-propagation network (Hagan, Dernuth and Beale, 1996) is probably the
best known and widely used among the current types of neural network systems
available. The back-propagation is a multi-layer feed forward netwdrk with a different
transfer function in the artificial neural network and a more powerful learning rule. The
learning rule is known as back-propagation, which is a kind of gradient descent
technique with backward error (gradient) propagation, as depicted in Figure 4.6.

A standard back propagation neural net is shown in Fig. 4.6. The first layer consists
of N inputs, X,P,1S i SN. (A threshold is also required - see later - and it is convenient to
incorporate it using a further node, xop, which is always on. Thus the full range of i is 0 <
i <N). Each of the N input nodes is connected to each of the H nodes in the second or
hidden layer. The H outputs of the hidden layer (Z,P. 1< j <H) are all connected to each

of the M nodes in the output layer. The output of each output node is ykp, 1<k <M.

Iput Layer Hidden Layer Ouiput Layer

Seature 1 @
®mdputl
— (D ®
feature 2 (5) —»
output 2
fratmes @ © »
xi’ Zf }rk
0<i<N 1=ZiZH 1<i<M

weights = w; gweights =1y
’

Figure 4.6 A 3:3:2 back propagation artificial neural network

In the case where the output is not modified by a squashing function, the output of

the K" output node is given by:



H
Ve =207, .20 (4.9)
J=1

where Uka is the weight given at the K" output node to the input from the jlh hidden

node, ZP,

A non-linear squashing function is used for the output of the hidden layer.
Commonly this function is the sigmoid which varies smoothly from O to 1. The sigmoid
requires a bias or threshold term which can be incorporated into the notation by having
a weight corresponding to a zeroth input node that is always on, ie the bias for the j‘h
node is given by ij‘o xopwith xop = 1. The output of a node in the hidden layer is,

therefore,

N

z'=f0) =t w", ) (4.10)

i=0

where often the activation function is the sigmoid, ie,
0
f@)=1/01+¢") (4.11)

The network is trained by presenting input values and comparing the output of the
net with the desired one. A correction to the weights proportional to this error is back
propagated. The method has been discovered and rediscovered several times.

Corrections, AU,(‘I or AW, are added to each weight. For the n" time the network is

presented with a training set, the (n+1 )th values of the weights in the output layer are:
Uy (n+1) = U, (n) + AUkJ(n) (4.12)

where

AUk J(n) =n. 5: .ZJP (4.12)
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and the error 5: , i given by:

8kP = tkp - YKP (4.13)

A

and E, represents a scalar measure of the output error

E,=(1/2) 2 ¢ -y, ) (4.14)
k
where t,(P is the true or required result. For the hidden layer the correction is also
proportional to the gradient of the sigmoid at that point. It can easily be verified by
differentiating Eq. 4.10 that if the value of the sigmoid at point j is Z,P the slope at that
point is ZJP(1- Z]P). The new hidden layer weights are thus given by:

W, (n+1) =W, () + AW, (n) (4.15)
where
AW, (n)=1.08(n).x (4.16)
and
&/ (n) =2z(1-z) EMJ S .y (n) (4.17)

k=1

The constant 1] is variously called the learning rate or the step length.

Several iterations are performed to reduce error below tolerable value. So, we have
the trained weights of network at the end of iteration. The training algorithm is as follows:

(Fausett , 1994)
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X Input training vector:

x = (X1| “sey X[l tney xn)l

T Output target vector:

T=(, ...t .ot

Sk Portion of error correction weight adjustment for w, that is due to an error at
output unit Y, ; also, the information about the error at unit Y, that is propagated
back to the hidden units that feed into unit Y,

8, Portion of error correction weight adjustment for that is due to the back-
propagation of error information from the output layer to the hidden unit

0L Learning rate.

X, Inputuniti,

For an input unit, the input signal and output signal are the same, namely, x,,
vy, Bias on hidden unit .
Z, Hidden unitj:

The net input to Z, is denoted z_in;:
z_in=vy+ Z XVj
i

The output signal (activation) of Z, is denoted 2 :

2= f(z_in,).

w, Bias on output unit k.

Y, Output unit k:

Algorithm 4.1 The training algorithm for the back-propagation neural networks (Fausett ,

1994)



27

The net input to Y, is denoted y_in,:

y_in, = w, + szwjk.
I

The output signal (activation) of Y, is denoted y,:

vio= fzin)

Step 0. Initialize weights.
(Set to small random values).

Step 1. While stopping condition is false, do Steps 2-9.
Step 2. For each training pair, do Steps 3-8.

Feedforward:

Step 3. Each input unit (X, i = 1, ..., n) receives input signal x, and
broadcasts this signal to all units in the' layer above (the
hidden units).

Step 4. Each hidden unit (Z,j=1,...,0) sums its weighted input

" signals,

n

zin=vy+ ) XV

i=1

applies its activatio_n function to compute its output signal,
z= f(z_inj).

and sends this signal to all units in the layer above (output
units).
Step 5. Each output unit (Y,, k = 1, ..., m) sums its weighted

input signals,

Algorithm 4.1 (Continued, Fausett, 1994)
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p

y_in = w, + ZZiW,k-

=1

and applies its activation function to compute its

output signal,

y,= f(zin)

Backpropagation of error:
Step 6. Each output unit (Y,, k = 1, ..., m) receives a target
pattern corresponding to the input training pattern,

computes its error information tern,

O, = -y fiyiny.

calculates its weight correction term (used to

update w, later)
Aw,k =Q 8k z,

calculates its bias correction term (used to update

w,, later),
Awok =Q 8k.
and send to units in the layer below.

Step 7. Each hidden unit (Zj j =1, .., p)sums its delta

inputs (from units in the layer above),

Algorithm 4.1 (Continued, Fausett, 1994)
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6_inj = Z Sk Wik,

k=1

multiplies by the derivative of its activation function

to calculate its error information term,
5] = 6_inl f'(z__inj)

calculates its weight correction term (used to

update v, later),
Avu = 5, X

and calculates its bias correction term (used to

update v, later),

AVo; =ad

e

Update weights and biases:
Step 8. Each output unit (Y,, k = 1, ..., m) updates its bias
and weights (j =0, ..., p):

W, (new) = w,(ok’) + Aw,

Each hidden unit (ZJ, j =1, ..., p) updates its bias
and weighté (i=0,..,n):

v,(new) = v,(old) + Av,.

Step 9. Test stopping condition.

Algorithm 4.1 (Continued, Fausett, 1994)




CHAPTER &
ROUGH SET THEORY

This chapter. introduces the rough set theory. The theory was introduced by Pawlak
in the early 1980's, \and based on this theory one can propose a formal framework for the
automated transformation of data into knowledge. The knowledge product is used
mainly for two purposes: as a model of some phenomena for human interpolation in
order to gain insight about the phenomena, and to learn how to classify objects. The use
of the end product may be different but the task is the same. The main concepts of the
theory are presented, and lliustrated with an example. The current chapter is not an
attempt to present a complete framework for rough set analysis only a brief introduction
is included. The focus of this thesis is on a prepositional rule based system in

classification or recognition in the next chapter.

5.1 Information systems

An information system contains a data set represented in a table. Each row in the
table represents a core, an event, a patient, or simply an object. Every column
represents an attribute (a variable, an observation, a property, etc.) that can be
measured for each object, the attribute may be also supplied by a human expert or user.

An information system, S, is defined as:
S=(U,A{V,: €A} (5.1)

where
U is a non-empty finite set of objects,
A is a finite, nonempty set of mappings,
a:U—V,and

V, is the value set of a.
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Example 5.1: To illustrate the concept of information systems, we present an example as
a Table 5.1. There are five animals or objects, and four attributes (Size, Type, Color, and

Flying).

Table 5.1 An example information system

Size Type Color Flying
X1 small bird white yes
X2 medium bird black yes
X3 medium cat brown no
X4 small bird white yes
X5 big horse white no

We interpret U as a set of objects (or situations) and A as a set of attribute
mappings each of which assigns to an object a value which a may take under the
respective attribute. This information is expressed by one distinguished attribute called
decision attribute, the process is known as supervised learning. Information system of

this kind is called decision systems. The information system in table 5.1 is also a

decision system S = (U, { Size, Type, Color} U{ Flying}) with decision attribute Flying.

5.2 Indiscermibility

One of the most important concepts of rough set theory is indiscernibility, which is
used to define equivalence classes for the objects. Each subset of attributes B C A
defines an equivalence relation, denote IND(B) and will be called an indiscernibility

relation. This indiscernibility relation is defined as:

INDB)={(x,y) €E UxU: f(x. a)= f(y, a) foreverya € B} (5.2)

In equation 5.2, the subset of attributes B will define a partitioning of the universe
into sets such that each object in a set cannot be distinguished from other objects in the

set using only the attribute in B. The sets of the condition as mentioned on above are
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called equivalence classes. The family of all equivalence classes of the equivalence

relation IND(B) is denoted U/IND (B).

Example 5.2: In the information system shown in Table 5.1, we see that objects X, and X,

are indiscernible. The indiscernibility relations from the table 5.1 are as follows.

IND(Size) = {{X, X}, {X, X5}, {X5} }

IND(Type) = { {X, X,, X,}, {X;}, {Xc} }

IND(Color) = {{x, X,, X5}, {x,}, {X;} }

IND(Flying) = { {X, X, X}, {X,, X5}

IND(Size, Type, Color, Flying) = { {x, x,}, {x,}, {x,}, {x5} }

=3

. ."\g“

5.3 Decision systems
If we add the decision attributes into the information into the information system, this

system is called a decision system. The decision system is defined (Bjanger, 1999)
S=U,AU{d}) (5.3)
where d € A is a distinguish attribute called the decision attribute,

The elements of A are called condition attributes, Since a decision system is a
special kind of information system, the decision is not necessarily constant on the
equivalence classes. That is, although the two objects belonging to the same
equivalence class, the values of the decision attribute may be different. In this case, the

decision system is inconsistent. The decision system is consistent if there exists any

class E € AU {d} for which a unique classification can be made.

Example 5.3: The simple information system S = (U, A ') shown in Table 5.1 is a result of
measuring the three characteristics Size, Color, and Flying of different animals.
Now, let us extend the information system as shown in Table 5.1. The additional

object of animal has been stored to the table, which is shown in Table 5.2.
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Table 5.2 An example of the extended information system

Size Type Color I;Iying
X1 small bird white Yes
X2 medium bird black Yes
X3 medium cat brown No
X4 small bird white Yes
X5 big horse white No
X6 medium bird black No

From this example we can see some of the problems that rough set theory
addresses. For instance, objects X, and X, belong to the same equivalence classes, but
they have different values for the decision Flying attribute. This means that the
information system in this example is inconsistent.

The objects are classified according to condition attributes C = {Size, Type,
Color}, and the classification is represented as the decision attribute set D = {Flying}.
By removing the inconsistent attributes and their values. We can search a set of
equivalence relations from the decision table, and the objects are represented in terms
of object classes, each of which is supported by a number of examples, given in the
rightmost column of the table. Thus, there are three object classes such as x, and x,, X3

and x, classes respectively.

5.4 Set approximation

Approximation spaces are the core mathematical concept of rough set data
analysis, and their usage reflects the idea the granulation of information can be
described by classes of and indiscernibility relation. Given an information system, S =
(U, A), and subset of attributes, B C A, we would like to approximate a set of objects, X,
using only the information contained in B.

For X & U, and B C A we associate two sets defined as follows (Lken, 1999):

BX={x|[X,C X} ’ (5.4)



is the lower approximation or positive region of X, and

BX={x|X, \X#J) (5.5)

is the upper approximation or possible region of X.

The lower approximation is the set containing all objects for which the equivalence
class corresponding to the object, which is a subset of the set we would like to
approximate. This set contains all objects, which with certainty belong to the set X.

The upper approximation is the set containing the objects for which the intersection
of the object's equivalence class, and this set we would like to approximate is not the
empty set. This set contains all objects, which possibly belong to the set X.

A set BNy(X) = B'X — B.X will be called B-boundary of X.

If X Uis given by a predicate P and x € U, then

1.) x € B.X means that x certainly has property P,
2)x € B'X means that x possible has property P, and
3) x €U\ BX means that x definitely does not have property P.

The area of uncertainly extends over BX \ B.X, and the area of certainly is BX \U -
B'X, respectively.

The concepts of lower approximation, upper approximation and B-boundary region

are illustrated in Figure 5.1.

—— Boundary of Set X

B Lower approximation of X

Difference of upper and
lower approximate of X

Figure 5.1 Rough set approximation
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Example 5.4: Approximating the set of animal sizes in Table 5.1 that can fly is shown in

Figure 5.2

{Xs} 1io
{Xz},{x3}

YT [
yes
{ xl}) {X4}

Figure 5.2 Approximation of the set yes

5.5 Core and reduction of attributes

The set of attributes in the information system describes objects in the system. We
use the set of attributes to classify the objects into classes that are determined by
anywhere from one to several attributes. Sometimes it happens that the set of attributes
provides more information about objects then is needed to distinguish them. In such a
situation some of the attributes may be reduced without losing the ability to group the
objects. In the rough set approach, there are two fundamental concepts used in the
reduction of knowledge, a reduct and the core. Intuitively, a reduct is one essential part
of an information system, which can discern all objects that are discernible by the
original information system. The core comprises the attributes that are indispensable to
the discrimination of objects, the attributes that are contained in all the reducts. These
concepts are formally defined in Definition 5.5.1 and 5.5.2 (Lken, 1999), but first it is

necessary to introduce some auxiliary notions.

Definition 5.5.1: (dispensability) Given S = (U, A), an attribute a is said to be dispensable
in B C A if IND(B) = IND(B - {a}), otherwise the attribute is indispensable in B. If all

attributes @ € B are indispensable in B, then B is called orthogonal or independent.
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Definition 56.5.2: (Reducts) Given an information system S = (U, A), let B C A. A reduct

of B is a set of attributes B'C B such that all attributes A € B - B' are dispensable (B' is
orthogonal), and IND(B') = IND(B). The set of reducts of B is denoted RED(B).

CORE(B)= M RED (5.6)
RED € RED(B)
From these definition, we can say that attributes @ € B is superfluous in B, if IND (B-
{a}) = IND(B), otherwise it is indispensable.
If all attributes @ € B are indispensable in B. So the set of all indispensable
attributes in B will be called the core of B, and will denote CORE(B). The core s a set of
attributes such that the removal of a single attribute impacts on the original ability to

distinguish the objects. The core of attributes is the interaction of all reductions.

Example 5.5: To discern between the different equivalence classes in the example in
Table 5.1, only the attributes Size, Type, and Color are necessary. So {Size, Type,

Color} is an example of a reduct:
IND, ({Size, Type, Color}) = IND, (A) (5.7)

Reducts can be computed on the basis of discernibility matrices and discernibility

functions.

5.5.1 Discernibility matrices

A discernibility matrix of S is a symmetric n x n matrix with entries (Bjanger, 1999)

Cu=aEA[a(x,)¢a(x,) fori,j=1,2,...,n (5.8)

The entries for each object are thus the attributes that are needed in order to

discern object i from object j.
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Example 5.6: The discernibility matrix for our example in table 5.1 is shown in Table 5.3.

For readability, the three attributes are abbreviated s, t, ¢ respectively.

Table 5.3 Discernibility matrix

X X, Xq X4 Xg
X, %, s, C site O s, t
X, %, te sc  stc
X, % s, t.c s,.t.c
X4 % sit
%, %)

C

In a discernibility matrix the diagonal elements are naturally & and G i

Therefore, the lower triangular part in Table 5.3 is omitted. In the matrix, C,, = %,
because the values of decision attributes for object s, t, and ¢ are the same. C,, =
{s, c}, because only the values of condition attributes s and c are different for the case of

examples x, and x,.

5.5.2 Discemnibility functions

A discernibility function (Bjanger, 1999) is a Boolean product-of-sum function that
expresses how an object or a set of objects can be discerned from a certain subset of
the full universe of objects.

From the discernibility matrix, we can build a discernibility function. A discernibility
function fA for an information system S is a Boolean function of m Boolean variables a;.

o am' (corresponding) to the attributes a,, ... a,) defined as below.
f.(a,,...a,)=AfvC,115j<i<nC# D} (5.9)

where C',J = {a'l ac€ Cu}
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The discernibility function is a conjunction of all the entries in the discemnibility matrix
that are not the empty set. The conjunction may, if possible, be simplified. The results of
simplification are the possible reducts for the information system.

It is also possible to generate a discernibility function from the discernibility matrix
for one of the objects in the information system. This is done by looking at only one row
(or column) in the discernibility matrix, and forming a conjunction of all the entries in this
row (or column)\. When we simplify this conjunction, we get possible reducts for the

particular object in question.

5.6 Decision rules

For decision systems, S = (U, A U {d}), we would like to find an approximation of
the decision, d. This can be done by constructing the decision-relative discernibility
matrix of S. This matrix tell us how to discern an object from objects belonging to another
decision class. The process of computing this matrix is called computing the
discernibility matrix modulo the decision attribute.

We can obtain the decision rules from an information system or a reduction of
condition attributes. Some condition values may be unnecessary in the decision rules, so
we can remove them from the rules or change them into “don't care” values. The
process of conditional value removed is called values reduction.

Let S = (U, A, C, D) be an information system with n objects, where U is a finite set
of objects. A is a set of attributes further classified into disjointed condition attributes C
and decision attributes D, A= C\U D,V =UV,, V, is the domain of attribute a € A.
Hence, decision rules are often presented as implications and are often called “If ... then
..." rules. If a, b, ¢, d are the condition attributes of set A, D is decision attribute. We can

express the rules as

Rule |

IFa=1 THEN D = 1 (for the class I)
Rule 1l

IFb=8 andc =M THEN D = 2 (for the class Il)

....................................
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Rule n

IFc=L THEN D = n (for the class n)

5.7 Rough membership function

In classical set theory, either an element belongs to a set or it does not. The
corresponding membership function is the characteristic function for the set, i.e. the
function takes values 0 and 1, respectively, In the case of rough sets, the notion of
membership is different. The rough membership function quantifies. The degree of
relation overlap between the set X and the equivalence [X;] class to which x belongs. It

is defined as follows (Komorowski et.al.):

M :U—>[0,1]and U°(x) = [x], DN X (5.10)
| [X]g |

where S = (U, B) is information system and D#X cu.



CHAPTER 6
ROUGH SET METHOD FOR INVARIANT
THAI PRINTED CHARACTERS RECOGNITION

We attempt to apply the rough set theory to the recognition of Thai characters. This
proposed idea is a new development in invariant Thai character recognition. There had
been an attempt to apply this theory into the pattern recognition, but there are only a few
implementations such as numeral recognition (Nejman, 1995), handwritten numeral
classification (Kim, 2000), printed Thai character (Kasemsiri et. al., 2000, 2001; Mitatha,
2001) and invariant Thai character recognition (Phokharatkul et. al., 2001, 2002).
Furthermore, there has been development in rough sets with the other fields such as
data mining (Lin and Cercone, 1997), image processing (Lau, 1993), and power system
(Pal and Skowron, 1999; Lambert-Torres et. al., 1996). The detail of the application of
rough set theory for invariant printed Thai characters will be described in the following

sections.

6.1 System overview

We propose a two-stage pattern classification method based on the ring
projections. The ring projection values are computed from the set of invariant Thai
characters. Figure 6.1 shows the procedure of our proposed two-stage classification
method.

In our experiment, we use the characters of four fonts (four sizes in each font) of 86
Thai characters as a training set. All are printed with HP Laser Jet 6 P and scanned with
HP Scan Jet 6100C in black and white mode. Figure 6.2 shows the example of training

set.

6.2 Feature extraction
We use an invariant projection method to extract features from the Thai Characters.

Ring projection (Tang, 1996, 1998) is defined as the total number of foreground pixels as
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Figure 6.2 Example of training data.
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Figure 6.3. We can derive the centroid of the character, as denoted by C (%o ¥Y,), @and

subsequently translate the origin of our reference frame to this centroid. Let

Roex = Max I N(x,y) - C(x,, ¥,) (6.1)

where | N(x, y) - C(x,, ¥,) | represents the Euclidean distance between two points N

v
and C on the plane. We can transform the original Cartesian reference form into a polar

form as the following relationship.
X=rcos 0

Y=r§n9
Then

D(x, y) = D(r cos 0 ,rsin0)

where r € [0, 00], O € [0, 27t]. For any fixed r € [0, R,,,] we can compute the following

integral:
fx,y) = LG D(rcos O, rsin0) d O (6.3)

The normalized number
of ring projections

1.0 4

Q

0 160 Ring r;umbets

Figure 6.3 An illustration of the ring projection for the Thai character “ N "rotated 30°
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The resulting f (x, y) is equal to the total mass as distribution along circular rings, as
shown in Figure 6.3. From the concept of ring projection as mention above, the ring

projection is calculated by

ring projection (1) = (0, 0) + Z(x.y),
=1
ring projection (l) = Z(x.y), if2<1<L (6.4)
I=r
ring projection (L) = Z(x.y).
L=r

where r = int ([x? + y2) . L=R, s the largest radius, | = 1,2,3,....L is the ring
number, and int ( ) means taking the integer part from a real number. We use these
values to set up the object attributes as the sets, and to obtain the decision rules for

classification by the rough set as the detail in classification using rough sets.

6.3 Description of the problems

The idea is to transform a set of examples into a set of rules that represent the
recognition of a recognizer system. Consider a ring projection database composed by a
set of projection values, such as shown in Table 6.1. The classification of Thai Character
depends on the ring projection values. Table 6.2 contains the attributes represented by
the set a,, a,,..., a5 and the corresponding decision D, where:

- the normalized ring projection values 0.-0.3 are defined by 1;

- the normalized ring projection values 0.31-0.6 are defined by 2; and

- the normalized ring projection values 0.61-1.0 are defined by 3.

The reason behind selection five rings in the coarse classification. The distribution of
elements in the coarse groups are not different, when 5, 6, ..., 9 rings are used. For this

reason, the five rings are selected..



Table 6.1 Ring projection data of printed Thai characters
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Characters a, a, a, a, a,

0.0388 0.5994 1.0000 0.4982 0.0632

A 0.0469 0.4982 1.0000 0.3611 0.0586

0.0271 0.6135 1.0000 0.2902 0.0707

a 0.4413 0.8333 1.0000 0.8000 0.0944

a 0.3302 0.6289 0.9562 1.0000 0.1766

" 0.4226 0.7522 1.0000 0.7586 0.0770

- 0.4671 0.9165 1.0000 0.9789 0.0995

g 0.2258 0.6948 1.0000 0.9906 0.0808

y 0.2583 0.7471 1.0000 0.9196 0.0967

Table 6.2 Example of database with range values
No. | Characte a, a, a, a, ag Dec.
rs

1 q 1 2 3 2 1 D9

2 1 2 3 2 1 D9
3 A 1 3 3 1 1 D3
17 a 2 3 3 3 1 D1
18 a 2 3 3 3 1 D1
19 " 2 3 3 3 1 D1
1374 9 1 2 3 3 1 D7
1375 9 1 2 3 3 1 D7
1376 9 1 2 3 3 1 D7

Note: The example number (No.) is for indexing purpose only.
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The decision attributes of each character in Table 6.2 is made according to a

system, and nine possible outputs can be selected for the examples as follows:

a, a,
1 1
2 2
3 3
1 1
1 1
2 2
3 3
3 3
2 2
3 2
3 1
2 1
3 1
3 2
2 1
3 1
2 1
3 2
1 2
1 3

3,

w NN W W

Decision

D1
D1
D1

D2
D2
D2

D3
D3
D3

D4
D4
D4

D5
D5
D5
D5
D5

D6

D7

D7
D7



46

3, g a, Decision
1 2 3 D8
1 2 1 D9
1 3 1 D9
2 3 2 D9
2 3 1 D9
1 3 2 D9

6.4. Presentation of the classification algorithms

Let R be a family of equivalence relations. The reduct of R, (RED(R)), and the

core of R, (core(R)), are defined as follows:

Reduct - A reduct is a reduction of an information system, ‘which results in no
loss of information (classification ability) by removing, attributes (a). There may be one

or many for a given information system.
Core - A core is the set of attributes (a) which are common to all reducts.

The methodology to obtain the reduction of condition can be summarized as
follows: (Pal and Skowron, 1999; Lambert-Torres et. AL, 1996; Attoh-Okine, 1997,
Sienkiewiez, 1995)

Step 1: Transform continuous values in ranges.

Ster;' 2:‘E£minate identical attributes.

Step 3: Eliminate identical examples.

Step 4: Eliminate dispensable attributes.

Step 5: Compute a core of the decision table.

Step 6: Compute a table of the reduct set.

Step 7: merge possible examples and compose the final set of rules.
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6.5. Description of the knowledge base reduction

6.5.1. Classiflcation

The set of attributes in an information system describes objects of interest. If it
happens that the set of attributes provides more information about objects then we need
to distinguish them. In such a situation some of the attributes may be reduced without
loosing the ability to classify the objects. The procedure of applying decision table

techniques can be described by the following steps:

Step 1:

Set up model or determine the format of decision table, which includes conditional
attributes (a)), the number of attribute levels in each condition (1, 2, 3), and decision
attributes (D). In the recognition system we set up the object's attributes from the ring

projection vectors as shown in Table 6.2.

Step2 and 3:

The next step of the algorithm is to verify if any attribute can be eliminated by
repetition. In Table 6.2, it can be verified that the repetition does not occur. In addition,
many examples are identical. The similar examples are also merged, and a resultant set

of examples as shown in Table 6.3.

Table 6.3 Resuitant set of examples

No. a, a, a, a, ag D
1 1 2 3 2 1 D9
2 1 3 3 3 1 D1
3 1 3 3 1 1 D3
4 1 2 3 1 1 D9
5 2 3 3 3 1 D1
6 2 2 3 3 1 D7
7 1 3 3 2 1 D3
8 2 2 3 1 1 D9
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Table 6.3 (Continued)

D9

D7

D3

D3

D3

D7

D1

D3

D1

D9

D5

D6

D6

D6

D7

D7

D9

D2

D2

D9

D1

D4

D8

D2

D8

D2

D2

D7

No.

10

11

12

13
14

15
16
17

18

19

20

21

22

23
24
25
26

27

28

29
30

31

32
33

34

35
36
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Table 6.3 (Continued)
No. a, a, a, a, ag D
37 3 3 3 3 2 D1
38 2 1 2 3 1 D8
39 2 1 2 3 2 D8
40 2 2 3 3 2 D7
41 1 2 3 3 1 D7

Step 4:

The next step verlfles if the decision table contains only indispensable attributes.
This task can be accomplished by eliminating step-by-step each attribute and verifying if
the table gives the correct classification. For example, if the attributes a, and a; are
eliminated, the table continues to give a correct classification as shown in Table 6.4.

Then, we say that a, and a, are dispensable attributes for this decision table.

Table 6.4 Set of examples with indispensable attributes

No. a, a, a, D
1 2 3 2 D9
2 3 3 3 D1
3 3 3 1 D3
4 2 3 1 D9
5 3 3 3 D1
6 2 3 3 D7
7 3 3 2 D3
8 2 3 1 D9
9 2 3 2 D9
10 1 3 3 D7
11 3 3 2 D3
12 3 3 2 D3
13 3 3 1 D3
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Table 6.4 (Continued)

D7

D1

D3

D1

D9

D5

D6

D6

D6

D7

D7

D9

D2

D2

D9

D1

D4

D8

D2

D8

D2

D2

D7

D1

D8

D8

D7

D7

No.

14

16
16
17

18

19
20
21

22

23

24

25

26

27

28
29

30

31

32

33

34

35

36

37

38

39

40

41
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However, when the attribute a, is eliminated (Table 6.5), some examples such as the
examples 6, 8, and 9 have the same set of attributes but they give different

classification. In this case, the attribute a, is indispensable for the decision table.

Table 6.5 Verification of the indispensability of attribute a,

No. a, a, a, ag D
1 1 2 3 1 D9
2 1 3 3 1 D1
3 1 3 3 1 D3
4 1 2 3 1 D9
5 2 3 3 1 D1
6 2 2 3 1 D7
7 1 3 3 1 D3
8 2 2 3 1 D9
) 2 2 3 1 D9
10 2 1 3 1 D7
11 3 3 3 1 D3
12 2 3 3 1 D3
13 3 3 3 1 D3
14 1 1 3 1 D7
15 1 3 3 2 D1
16 2 3 3 1 D3
17 3 3 3 1 D1
18 2 1 3 1 D9
19 1 3 2 1 D5

20 3 3 2 1 D6

21 1 3 2 1 D6

22 2 3 2 1 D6

23 1 2 3 2 D7

24 3 2 3 1 D7




Table 6.5 (Continued)
No. a, a, a, ag D
25 3 2 3 1 D9
26 3 2 2 1 D2
27 2 2 2 1 D2
28 3 2 3 1 D9
29 2 3 3 2 D1
30 2 3 1 1 D4
31 1 1 2 2 D8
32 1 1 1 1 D2
33 1 1 2 1 D8
34 1 2 2 1 D2
35 1 2 2 2 D2
36 1 1 3 2 D7
37 3 3 3 2 D1
38 2 1 2 1 D8
39 2 1 2 2 D8
40 2 2 3 2 D7
41 1 2 3 1 D7

Table 6.4 can be reduced again, because the some examples are identical. The

Table 6.6 shows the new set of examples.

Step 5 and 6:

52

From Table 6.6, the core set of examples is computed. We eliminate each attribute

step-by-step and verify if the decision table continues to give the correct answer (i.e., it

continues to be consistent).
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Table 6.6 New sets of examples with Indispensabile attributes

Attributes D

No.

a, a, a, (decision)

1 2 3 2 D8
2 3 3 3 D1
3 3 3 1 D3
4 2 3 1 D9
5 3 3 2 D3
6 1 3 3 D;
7 1 3 2 D9
8 3 2 3 D5
9 3 2 1 D6
10. 2 2 3 D2
11 3 1 1 D4
12 1 2 3 D8
13 1 1 3 D2
14 2 3 3 D7

The following Tables 6.7-6.10 can represent the core computation:

- The first step, when the attribute a, in Table 6.7 is eliminated, the decision table
becomes inconsistent because the examples 1, 5, and 7 have the same attributes and
different decision. The other examples such as 2, 6, and 14; 3, and 4, 8, 10, and 12 have
the same situation. In this case, the examples 1-8, 10, 12, and 14 are ambiguous upon
removal of attribute a,. Therefore, the attribute a, is a part of core. The attribute a, is
called indispensable for the decision table.

- The next step, the attribute a, is eliminated is shown in Table 6.8. After considering
each example, the examples 2-3, 6, 8-12, and 14 are ambiguous upon removal of
attribute a,. Therefore, attribute a, is a part of core.

- The last step, the attribute a, is eliminated as shown in Table 6.9. After considering
each example, the examples 1-9, and 14 are ambiguous upon removed of attribute a,.

Therefore, the attribute a, is a part of core.
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Table 6.10 Core of the set of examples

Attributes D

No.

a, a, a, (decision)
1 2 - 2 D9
2 3 3 3 D1
3 3 3 1 D3
4 2 - 1 D9
5 3 - 2 D3
6 1 3 3 D7
7 1 2 D9
8 3 2 3 D5
9 - 2 1 D6
10 2 2 - D2
11 - 1 - D4
12 1 2 - D8
13 - 1 - D2
14 2 3 3 D7
Table 6.11 Reduced Rules

‘ Attributes D

No.

3, 8y a, (decision)

1 2 X 2 D9
2 3 3 3 D1
3 3 3 1 D3
4 2 X 1 D9
5 3 X 2 D3
6 1 3 3 D7
7 1 X 2 D9
8 3 2 3 D5
9 X 2 1 D6

56
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Table 6.11 (Continued)

Attributes D
No.
a, a, a, (decision)

10 2 2 X D2

11 3 1 X D4

11 X 1 1 D4

12 1 2 X D8

13 1 1 X D2
13’ X 1 3 D2

14 2 3 3 D7

Step 7:
According the Table 6.11, the knowledge existent in the Table 6.2 is expressed by
the following set of rules:
Rule1: If a, is2and a,is 2 A then S is D9.
Rule2: If a, is3anda,is3anda,is3 thenSisD1.

Rule 14: If a, is2anda,is3anda,is3  thenSis D7.

The set of rules as mentioned above can be put into natural language:

Rule 1: If (the normalized ring projection value a, is between 0.31-0.6) and (the
normalized ring projection value a, is between 0.31-0.6) then the classification of
character is group 9.

Rule 2: If (the normalized ring projection value a, is between 0.61-1.0) and (the
normalized ring projection value a, is between 0.61-1.0) and (the normalized ring
projection value a, is between 0.61-1.0) then the classification of the character is group

1.

...................................................................

Rule 14: If (the normalized ring projection value a, is between 0.31-0.6) and (the

normalized ring projection value a, is between 0.61-1.0) and (the normalized ring
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projection value a, is between 0.61-1.0) then the classification of the character is group
7.

This algorithm has been implemented in Matlab 5.3 under Windows 98. The
algorithm has also been applied to the character date set. The result is that all testing

data are correctly classified as shown in Table 6.12.

Table 6.12 Classification results

Groups| number Alphabets
ATUNIIRTENHINA
ITNEUHUHANANNETAD

: 428 vanwed1818g9111
i8dd0ma 1589

2 23 |loew@1358

3 459 nnﬂgmmﬂnwﬂﬂﬁn
waﬁ1aﬁaﬁaqliﬂa
1888 qadoe & b
DI 8146809

4 2 9

S 3 i

6 30 Hnaqd b7

NIAAINUNAUAAD Y
7 308 |Hnussnlvediglll
comd023689

8 35 oe 23
9 81 |na wmﬂwnunnﬁﬂﬁl
1l

6.5.2 Fine classification

In the fine classification, it is important to classify characters in the coarse classes 1,
3, 7 and 9 respectively. The same method as in the Section 6.2 and 6.5 is implemented,
but, in this case, nine ring projection values are used. By the same method in Section
6.5, we find the indispensable attributes and compute the core and reduct sets of the
examples in the Table 6.13. A set of reducts is used to generate decision rules. Using
the decision rules to classify the printed characters in each example of coarse classes,
we have the small group of characters to compute the max-min boundary of these

characters in a final stage. The max-min boundary of each character (Figure. 6.4) is used
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Table 6.13 Databases of Coarse Group 1

D9

D9

D9

D7

D9

D3
D3

D1

D1

D7

D2

D1

D2

D9

D8

D8

D7

D7

DS

D9

D3

D7

D2

D9

D1

D6

D3

D9

No.

10

11

12

13

14

15
16

17

18
19

20

21

22

23

24
25

26
27

28




to compute the rough membership function for decision rules and the numerals “5" and
“1" are the set of all decision rules that fits the new information vector and rm [D], where

D is the decision class (Figure. 6.5). From the example as mentioned above, the chosen

answer depends on the max-min boundary classifier.

Tha noxrmalized ruumber
of nimg projections

1.0—4 X

Figure 6.4 The examples of max-min boundaries.

Figure 8.5. The rough membership values for decision rules.

6.6 Experiment study results

In the experiments, the learning sets consist of 1,376 training characters (four fonts
Angsana New, Browallia New, Cordia New, and Eucrosia UPC, four sizes in each font,
14, 18, 22, and 28 points, as shown in Appendix A). The decision rules for coarse and
fine classification can be obtained using the unknown sets as shown in Appendix B. In
the max-min boundary classification, we compute rough membership function from a set
of attributes that have one hundred max-min condition attributes based on the total
pixels of a ring projection of each character. The unknowns used in this experiment are
2,752 Thai printed characters tested with 4 fonts that have 4 different sizes. The results

obtained are shown in Table 6.14. From the results, invariant character recognition is
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obtained is accuracy above 87 % from images with sizes between 14X14 and 28X28

pixels.

Table 6.14 The recognition results for each character (four fonts, four sizes in

each font) of the ring projection and rough set method.

Characters Recognition rate (%) Mis-classified to Mis-recognized to
n 81.25 - n
1 50.00 - TRAw(8)
m 62.50 - A& (6)
Ll 81.25 - o
Q 76.00 - 1p
q 75.00 - Q&
a 81.25 - D
g | 81.25 - k|
k! 81.25 - A
o 68.75 . WMo
0 81.25 - Y
0 75.00 - 1]
) 75.00 - 15
S 75.00 - g
o 81.26 - 0
08} 81.25 - ?
137} 81.25 - N
n 62.50 7 (4) an1)
A 68.75 - n el
" 75.00 & f
n 81.25 - n
fi 75.00 4 -
u 68.75 - T
u 68.75 - no
)l 50.00 n -
N 68.75 - el
tl 81.25 - N




Table 6.14 (Continued)

Characters Recognition rate (%) Mis-classified to Mis-recognized to
A 81.25 - W
n 68.75 U (4) n(1)
y 50.00 n (7 (1)
¢ 75.00 - w5
5 81.25 . 1
) 68.75 - 95
a 68.75 - ol
A 43.75 - A (8)5(1)
o 50.00 - nNNg
8 75.00 - o
n 75.00 - “q
| 75.00 - 74
f 81.25 - 3
o 81.25 - a
] 75.00 - \

1 68.75 - 1
8 62.50 o -
8 75.00 - &
8 75.00 - 8
) 75.00 - 9
8 68.75 - g
q 75.00 - {
9 75.00 - 14
L 81.25 - t
1 68.75 3 3
1 81.25 - 1
1 75.00 . 1
f 68.75 1 o
q 75.00 - 0
n 75.00 - n
1 68.75 - 1
8 68.75 - 1
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Table 6.14 (Continued)

Characters Recognition rate (%) Mis-classified to Mis-recognized to
] 75.00 - 4
) 75.00 - <
] 68.75 - o
1 75.00 - Y
4 68.75 - 1
] 81.25 - «
0 81.25 - o
1 87.50 - 8
2 87.50 - @
3 87.50 - !
4 81.25 N -
5 81.25 - i
6 81.25 - £
7 81.25 - ln
8 75.00 - 3
9 75.00 - q
o 81.25 - o
® 81.25 m -
In 81.25 - 7
a 81.26 @ -
@ 81.25 - )
& 75.00 - @
5 75.00 - o a
o 81.25 - b
« 81.25 “(1) 0@
o 75.00 - Ya
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CHAPTER 7
FOURIER DESCRIPTORS FOR INVARIANT
PRINTED THAI CHARACTERS RECOGNITION

This chapter presents a method of recognition of Thai characters using Fourier
descriptor for solving the problem of rotated, translation, and scaling character
recognition. The Fourier descriptor can also be used detection of boundary features
from a character image. The boundary representation is essential in shape description,
and recognition. The high quality boundary shape representation obtained using the low
frequency coefficients is the ones of greatest interest. A neural network classifies the
boundary information of Fourier descriptors. A typical character recognition system
consists of three stages as follows.

The preprocessing stage involves noise removal, smoothing borders of character,
stroke thickness normalization, skew correction, character image segmentation, and
contour-following respectively.

In the second stage, the Thai character was classified into three rough classes
using the number of inner contours. Then, the Fourier coefficients of the outer contour
are computed using Fourier descriptors and trained by the neural networks.

In the testing stage, testing data is fed through the preprocessing stage and
contours of the character are extracted. Then, the characters are classified using the
inner contour and compute the Fourier coefficient of the outer contour. Finally, the twelve

Fourier coefficients activate the trained neural network.

7.1 Features extraction

7.1.1 Inner contours (loop contours) extraction

We applied a contour-following algorithm (Richard and Peter, 1973), and obtained
the detection of a Thai character’s head. Figure 7.1 (a) shows a normal pattern for inner
contour (loop contours) extraction strategies. Using a contour-following algorithm, an

external edge of the character appears as shown in Figure 7.1 (b). Later, the contour-



65

following algorithm detects an internal edge. The internal edge appears, which we refer

to as the " head " of the character, as shown in Figure 7.1 (d).

7.1.2 Quter contour detection based on Fourier descriptor

The Fourier descriptor has been used as the popular curve descriptor in many
applications. It is the method of describing a closed curve by a set of Fourier
coefficients. Because a character contour is also a closed curve, the character contour

can be represented by Fourier coefficients.

7.2 Classification

The recognition system was separated into two stages. First, in the rough
classification stage, the loop contours of a character from the previous section were
classified into 3 classes using the number of loop contours such as class 1, class 2, and
class 3. These are the groups of characters as shown in Table 7.1, which consist of no

loop, one loop, and two loops respectively. Second, in the fine classification stage, a

neural network classifies the outer contour information of Fourier descriptors.

J ¥ v

Outer

/c ontonr

‘ (a) (b) ©) @
Figure 7.1 Examples of feature extraction
(a) Original image of printed Thai characters “3", 8", and "f}l
(b) Outer and inner contour of printed Thai characters "I, “8", and “fi".
(c) Outer contour of printed Thai characters “3", “8", and “fl",
(

d) Inner contour of printed Thai characters "3", 8", and “8l"



Table 7.1 Three classes in Thai alphabet
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Leval Vowel
Consonant
Class Upper Middle Lower Tonal
1 ns 1 +1
snvvvagmaudnlndaen
da yo s
2 AONSIATDRON I saaew au
=3
3 URNUNYJAUNHHNWE ~9q

7.3 Fourier Descriptors
Fourier descriptors in this system as shown in Figure 7.2, The character boundary

was presented by co-ordinates P_(X,,Y,) and computed

L

alkl=1 X x[m] ™™™ (7.1
L m=1
L
blkl=1 X y[m] e*@™" (7.2)
L m=1

where a[k], b{k] are the coefficients of Fourier descriptors
L is the curve length, mis 1 to L, and

kis O to L-1.

Then, to cut the DC component of the Fourier descriptor a[0] and b[0], the other
data can be used to independently perform the position of the character boundary.

Computed by

r(k) = / [a[k] |* +| b[k] |? (7.3)

where k varies from 1 to L-1. |afk] | and l blk] | are absolute values, and complex

numbers. The r{k] are independent of both the translation, and rotation of the character.
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In the case of the application for independent scaling work, the Fourier descriptors S[k]

are derived as

S[k] = rlk}/r[1] (7.4)

The first 10 - 15 descriptors s[k] are sufficient for character description.

Fn(Em, ¥m) o 55

0.12
ii “ 0.08

0.04 -

0.00

rTiTTrrrrrrr k

1 35 7 9 1113

Figure 7.2 Fourier descriptors of ‘11’ and ‘@'

Fourier descriptors s[k] are symmetrical around position (L-1)/2. The s[I] of
character is the same for every characters. For an application to be recognized we
neglected s[l], and used the first half of the Fourier descriptors s[2] to s[(L-1)/2].
Because of this consideration, Fourier descriptors of character graphs, s{k] are reduced
to near zero when k increases to more than 15 as shown in Figure 7.2. The lower
order coefficients are the high quality boundary shape representation. We can select the
first order coefficients 10 - 15 descriptors for sufficient character recognition. However,
since some Thai characters are very close in shape, the use of 10 Fourier descriptors

gives better results.
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7.4 Back-propagation neural classifier

The back-propagation neural classifier consists of three layers of processing units,
that performed a transformation on their summed inputs and produced continuous
outputs between 0 and 1. Back-propagation is an iterative algorithm designed to
minirﬁize the mean square error between the actual input and desired output. In Thai
character recognition, the multi-layer neural networks are fed by 12 coefficients of
Fourier descriptors to the input nodes. The hidden layer of the network has a maximum
of 25 neurons and the output layer has 8 neurons, corresponding to the number of

recognized characters. In the experiment, the neural networks are operated in two

sk) S[k]
0.16 0.16
0.12 - ﬂ 0.12 ﬂ
0.08 0.08
0.04 — 0.04 -
0.00 e 000 b
1 35 791113 k 135 7 91113 k
8[K] (a) Sk (b)
0.16 0.16 -]
0.12 ~ 0.12 4 @
0.08 Z E 0.08
1 T
0.04 — . 0.04 ~
.00 s e o B L
1 3572 91113 k 135 7 91113 k
(c) (d)

Figure 7.3 The results of Fourier descriptors from the character “f}"
(a) The normal character
(b) The character "N rotated to -10°
(¢) The character "f)" rotated to 10°

(d) The character “f1” rotated to 30°
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modes: training and testing. In the training mode, a set of training data is used to adjust
the weights of the network interconnections. The training neural networks are determined

by these weights. In testing mode, the trained network is activated by the testing data.

75 E;perimental results

In our experiments we use the unknown printed Thai characters of 4 fonts and 4
sizes of 86 characters as shown in Appendix B. All are printed with COMPAQ Ink Jet 1J
650 and scanned with ACER SZW 3000U in black and white mode. We detect the outer
contour of the character image, and the inner contours according to the section 7.1.
After that the characters are divided into three groups by rough classification using the
number of inner contours (the head of the character) of the characters. Then the outer
contours of the character image are transformed using Fourier descriptors. We found
that the graphs of the Fourier coefficients do not depend on the rotation of character
“f1"as rotated in different angles -1 0°,0°,10° and 30°, as shown in Figure 7.3.

Graphs of the different sized characters are shown in Figure 7.4. In this figure, the
graphs of the Fourier descriptors of the contour of character “3" is almost the same,
because the contour of the character image is still the same size and is not a
changeable ratio. The contour information of the character transformation using Fourier
descriptors are brought into the back-propagation neural classifier. We used learning by

this network for finding the weights of the network for recognition system.

S[k] S(k]
0.16 0.16
0.12 ~ ﬁ 0.12 3'
0.08 -1 0.08 -]
.
0.04 -] 0.04 =
0.00 YT 0.00 g7
1 35 7981113 k 135791113 k

Figure 7.4 The result of the Fourier descriptors from Thai character “3" with

different sizes
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In our experiments the learning sets consist of 1,376 training characters (four fonts,
four sizes in each font, Appendix A). The largest characters have 28X28 pixels. The
smallest characters have 14X14 pixels. The unknowns used in this experiment are 2,752
" Thai characters tested with 4 fonts that have 4 different sizes. The results obtained are

shown in Table 7.2. From the results, invariant character recognition is obtained with

above 90 % accuracy from images with size between 14X14 and 28X28 pixels. The

performance of the model decreases slightly for smaller characters.

Table 7.2 The recognition results for each character of the Fourier descriptors

and neural networks

Characters Recognition rate (%) Mis-recognized to
n 93.75 o
1 81.25 u
A 50.00 f 7
N 93.75 U
q 93.75 ]
] 93.75 q
a 93.75 ue
1 50.00 4
! 50.00 k|
™ 87.50 Yo
o 87.50 oo
by 87.50 N
B 87.50 0
bl 87.50 97
" 93.75 nv
™ 81.25 mo
o 81.25 oy
[ 50.00 A 7
] 50.00 7 7
n 87.25 nu
4] 93.7 n
i) 93.75 7




Table 7.2 (Continued)

Characters Recognition rate (%) Mis-recognized to
U 93.75 Ny ‘
U 50.00 in
u 50.00 U9
] 75.00 el
o 75.00 HW
" 75.00 el
n 93.75 n
u - 87.25 Uy
Y 87.50 U
) 75.00 1
) 93.75 8
n 93.75 1
fl 50.00 A N
M 93.75 3
] 93.75 8
% 93.75 n
| 93.75 W
o 93.75 8
3 93.75 f
) 93.75 ]
1 50.00 1
8 62.50 o
8 93.75 8
8 93.75 )
f 87.50 G
8 75.00 2
9 62.50 L
9 81.25 Ty
t 93.75 q
1 75.00 ?
1 93.75 1
1 93.75 1
8 75.00 ke
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Table 7.2 (Continued)

Characters Recogpnition rate (%) Mis-recognized to
q 81.75 0
1 81.75 n
1 50.00 g
f 75.00 1
] 81.25 &
] 93.75 o
8 100.00
1 81.25 Y
Y 93.75 1
.l 87.50 «
0 93.75 o
1 100.00 8
2 93.76 7
3 100.00 -
4 100.00 -
5 93.75 )
6 43.75 9
7 93.75 2
8 93.75 0
9 43.75 6
o 43.75 o
@ 93.75 o0
o) 93.75 o
@ 93.75 In
« 93.76 &
& 87.50 T
b 87.50 o
o 87.50 b8
< 87.50 «d
o 87.50
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CHAPTER 8
DISCUSSION

8.1 A comparison invariant recognition with other recognition

An invariant is a property of an object or class of object that does not change with
viewpoint or object pose, which can therefore be used to help distinguish it from other
objects. The different properties of this method with other methods are:

- itis independent of the translation parameter of the objects;

- it is independent of the orientation parameter of the objects; and

- Itis unchanged for different objects of the same type (scale).

In pattern recognition systems the features are used to decide the class to which
the observation vector belongs. So, feature extraction is important in the recognition
process. The purpose of feature extraction is to reduce data by measuring certain
“features’ or “properties” that distinguish input patterns. In invariant recognition, we
consider invariance with respect to translation, rotation, and scale differences in input
images. The problem of invariance is difficult because of the large number of training
samples for which the classifier needs to be trained. To alleviate the difficulty, we use
rough set theory to reduce the data redundant in chapter 6, and use just the fifteen
Fourier coefficients and contour loops for recognition in chapter 7. There are several
invariant methods such as moment method, Fourier descriptors, ring projection, etc. In

this thesis, we use ring projection and Fourier descriptors for feature extraction.

8.2 Recognition system analysis based on rough classification

The classification procedure consists of three phases: feature extraction using ring
projection method, coarse classification, and fine classification. The method uses
attribute data from ring projection and redefines the value of each attribute according to
a certain metric. In the next step, we create the decision attribute of each character
using the condition in section 6.3. Using the rough set theory that has two major
concepts, reduct and core is defined. The main idea can be obtained by the following

procedures:
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- calculate the core of the problem,

- eliminate or substitute a variable by another one, and

- redefine the problem using new basic categories.

These concepts are important in the knowledge base reduction. This means that
rough modeling can be used to find models from large database, and find the most
important attributes in a data set where the attribute number is large.

The advantage of the ring projection and rough set method can reduce the
redundant data, and be used to solve the problem of invariant characters recognition. In
practice, there will be some differences among the training characters and the unknown
characters which from the limited resolution and error of the edge characters. These
differences lead to mis-classification ring-projection problem.

In order to make shape characters 100% identical, for a given object, we must have
ideal conditions, where the resolution is infinite and the scanner is perfect. Obviously
these conditions cannot be met in the real world, although it is possible to get close to

them.

8.3 Recognition system analysis based on Fourier descriptors

Fourier descriptor has been a tool for pattern recognition. It requires closed curves.
This, of course, is satisfied by the boundaries of scanned graphic symbols. Essentially,
Fourier descriptors can describe any pattern that can be approximated by an

infinitesimally thin boundary curve. We are going to derive invariant features from the

pattern imade f(x,y) which may consist of boundary oriental characters. The translation
invariance can be achieved by translating the origin of the coordinate system to the
center of mass of the pattern, denoted by (x,. Y,). The starting point of the curve is
arbitrarily chosen, and the curve is traced clockwise over the entire boundary until it
returns to the starting point.

The scale invariance can be obtained by the Fourier transforming coefficients of the
boundary of pattern image into a polar coordinate system, and normalizing them. So, the
features s(k) in equation 7.4 obtained in this way are also invariant to translation,
rotation, and scaling respectively. The Fourier descriptor values are reduced to near

zero when k increases to more than 15. Thus, we can select the first order coefficients
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10-15 descriptors for sufficient recognition. From the properties of Fourier descriptors,
we can use the fifteen features that have enough data to recognize characters. The
disadvantages of this method are that it the inner loops or heads of character cannot be
detected, or if there is a solid head or blurring, then particular method of analysis cannot

be used.

8.4 Why Rough Sets?

Rough sets have already been applied to a wide variety of application domains with
satisfactory results. Rough set theory is a formal mathematical tool that can be applied
to reducing the dimensionality of data sets used for training classifiers. Rough set

dimensionality reduction removes redundant conditional attributes from nominai data
sets, while making sure that no information is lost. The approach is fast and efficient,
making use of standard set theory operations. From these reasons, rough sets are

suitable for use in the classification of recognition system.

8.5 The difference between fuzzy sets and rough sets

The difference between fuzzy sets and rough sets as follows:

Fuzzy sets: how gray is the pixel.

Rough sets: How big is the pixel.

) L
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CHAPTER 9
CONCLUSION OF INVARIANT

THAI PRINTED CHARACTERS RECOGNITION

In this thesis, an attempt has been made to use a ring projection and rough set
method, Fourier descriptor and neural networks for recognizing multi-font Thai printed
characters. Strengths and weaknesses of the method to recognize 2-D object invariant

to translation, rotation, and size is reported as follows:

9.1 Conclusion of ring projection and rough set method for invariant Thai
printed characters recognition

A ring projection method is used to extract features from the invariant character
images. The ring projection value is obtained using the total number of foreground pixels
as distributed along circular rings, but independent from the shape's position,
orientation, and scaling of character. Thus, they have invariant properties. Furthermore,
this method does not concern the thinning method, and edge detection.

Rough sets have been introduced as a tool to deal with inexact, uncertain or vague
knowledge in artificial intelligence applications. The idea of rough sets works with lower
and upper approximation. The main implementation of the rough set in this work is to
reduce a database of characters using the core and reduct of equivalence relations.
Two major concepts in rough set theory reduct and core, will be defined from these
equivalence relations. These concepts are important in the knowledge base reduction.

The core of R, COR(R), is the set of relations, which appear in all reducts of R, i.e.
‘ the set of all indispensable relation to characterize the relation R.
| The reduct of R, RED(R), is defined as a reduced set of relations which conserve the

same inductive classification of set R, where R is a family of equivalence relations.

Conclusion of the computation of core as follows:

- Eliminate one attribute at a time and see if the training set is ambiguous: only that

attribute can discriminate between the ambiguous signals.
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- Accumulate the attribute resulting in ambiguous data: that is the core.

- These attributes from core must be in every reduct.

Conclusion of the computed minimal reducts process as follows:

- To the core add one attribute at a time and compute the number of ambiguities.

- Select the attribute(s) with the fewest ambiguities: there may be several-save
these, as we will use them to compute the reduct.

- Add that attributes to the core and repeat a review step until there are no
ambiguities: This is a reduct.

- Calculate reducts for all attributes with equivalent number of ambiguities- yields

multiple reducts.

The procedures used a ring projection method to extract features from the examples
and to classify them by the rough set method. The classification process is divided into 2
levels: coarse classification and fine classification, respectively. In the fine classification,
the same method is used as in the coarse classification. After- classification, if the
examples have many members of characters, the rough membership value of max-min
boundary ring projection use to classify the character from the other.

It has been established that the ring projection and rough set technique proposed in
this thesis succeeds in solving invariant features and reducing the dimensionality of data
sets used in classification tasks and that the reduced data sets are still rich in
information. An exhaustive comparative study of the applicability of this technique to the
neural networks should be performed. The results show that the neural classifier cannot
be used directly. We must group the ring projection values for learning. This means that
the coarse classification is important in the computation of neural network's weight.

Because of the ring projection values, some characters overlap.
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9.2 Conclusion of Fourier descriptors and neural networks for invariant Thai

printed characters recognition

This approach described a method to invariant character recognition that utilizes the
number of heads for the coarse classification and a Fourier descriptor with back-
propagation neural classifier for the fine classification of learning pattern input data.
Fourier descriptor is translation invariant with respect to the spectrum. If we cut the DC
component of Fourier descriptor, the other data set can be used to make independent
the position of the character boundary. The most important factor of the Fourier
descriptor method is the boundary of characters. The defects of inner and outer
contours are the problem of this method. The back-propagation neural classifier is used
to learn the training data in the training mode. A set of training data is used to adjust the
weights of the network interconnections. The training neural networks are determined by
their weights. After the training procedure, the trained network is used to classify the
testing data.

The weak points of Fourier descriptors and neural networks are as follows:

- Fourier descriptors cannot classify similar characters. 1t is necessary to use the
special techniques for recognizing similar characters.

- If the head of the characters has defects such as a broken head, this particular
method of analysis cannot be used.

- The recognition rate is reduced if the character image borders and stroke
thickness of character has a defect or error. Then, it is necessary to use the local

smoothing of character image borders and stroke thickness normalization.

9.3 The comparison of the two invariant character recognition methods

The character classifiers were trained on a set of 1,376 characters extracted from
the training images. We tested on a different set of 2,762 characters from our testing
databases. The testing databases are shown in Appendix B. The considered images
have differences in scale, translation, and rotation. They are first normalized with respect
to the centroid of character images. Then, they are normalized with respect to scale and

rotation using ring projections or Fourier descriptors based techniques.
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In the comparison of the recognition rate between the two invariant object
recognition methods, the recognition rate of rough classification is slightly lower than the
Fourier descriptor as shown in Table 9.1

The principal weakness of the current approach is its difficulty in the similar
characters. This problem is solved using the special techniques. Furthermore, the defect
or error of character image borders is a problem to reduce the recognition rate. The
recognition results are dependent on many steps, most of which we have not attempted

to improve, but their influences are measurable in overall system performance.

Table 9.1 The comparison of the recognition resuits

Recognition methods Recognition rate (%)
Ring projection and rough sets 87
Fourier descriptors and neural networks 91

9.4 Future work

Future work will concentrate on the following items:

- The ring projection method in this thesis might be used to recognize handwritten
Thai characters.

- The combination between Fourier descriptors and rough set method will be
investigated to recognize printed or handwritten Thai characters.

- The frequency information obtained from the Fourier descriptor is global, and
therefore, local variation of the shape can affect all Fourier coefficients The
Fourier descriptor does not have a multi-resolution representation. From the
above reason, Fourier descriptor can be developed by adding the wavelet
transformation. This approach includes the advantages of Fourier descriptor
and wavelet transformation. Then Fourier-wavelet descriptors have the invariant

properties and a multi-resolution representation.
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The samples selected by the training algorithm. This data is printed with HP Laser
Jet and scanned with HP Scan Jet 6100 C in black and white mode. All the samples

used for training are shown in Figure A.1-A.4.

<

nuANIRYsNg RO INAuARaNnTuuYNANHaNysTnIAuaNNesE18888890

1111899 719886 qubocolwwad &b d50123456789

nuANIIRsFAq I nauanensuulndwdnuesadayan
nosd188800991111890 118888 qufcobacavaso
123456789

nuaNeInsragpgInasanansuudndndane
sa1fYavWoes1808000901111890 n18886 a4
Soowlbond &b 80123456789
ﬂﬂlﬂmaﬂﬂ‘vcﬁmiyaggmmmﬂﬂﬂ‘nﬁuuﬂ
HANAANESAIAN T WD 8010000098
111990 0198886 99800l &b
§0123456789

Figure A.1 Thai printed characters (font Angsana New, size 14, 18, 22 and 28 points)
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larsagpsnananansuuyNdwlnuysRiasInNagEd

nrAws
8888901111800 n16888 9ydoobbmedd v aw0123456789

nerasIvaTrRgy)snamaaansuududwAnusIen

avanwoad 1888880111180 n n1dddd 94doa
o dbPad 0123456789

NUANIVIATTAYNHINAHAAONTUUUYNAN

o

WnuosalrAvanwnagsns88ddgailllagag
N188868 99fcoacdddad@®012345678

9

NYANIIRTTNYHHINAUAAONT
BUUNNNANN VSR 1ABRRANATDA
A a 2 A

7888001111800 n1d888d 99d00
LWownEddbad 0123456789

Figure A.2 Thai printed characters (font Browalia New, size 14, 18, 22 and 28 points)
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AAAAA

991111800 nqdd8d q4foombacebadaw0123456789

neapNIAatImyggnmuanonsuududwdnuasaodn
anvdend10daannggiilldgn nqeddd (4focobwaceda

00123456789

naANIaaTtIMyJNinauanansuududwdn
nusasAvwanNead1a82eaqeillldgn nqedd

g |Y8oobmectbadcw0123456789

99:lllégn néddd (14f8cobbacs

9q

ba 0123456789

Figure A.3 Thai printed characters (font Cordia New, size 14, 18, 22 and 28 points)
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naAagvarEaggrananonsuududwanesaldvdnweaasiIdd

ot & N

88809t T11890 118688 11dcobmecowW e 0123456789

frAaNNIRdTaYfgIrnaNaaonsuudulwANangsan
AednwNaso1dnansgatllldngn A18888 11800
WOEEOWE¥0123456789

nrageaRtraynggramuaaensUuUUYnd WA
ANgsalAvanwaadrsnaddgallldgn a
8088 11800 bLNEELO W Ew0123456789

NUAAIAIATTIAYNNINHUAAND NG U
UduWdwWanesaIdedrWoagaladd
2ddantllldgn n18d88 99800
WomEL D& 01234567809

Figure A.4 Thai printed characters (font Eucrosia UPC, size 14, 18, 22 and 28 points)
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This appendix shows some samples of invariant Thai printed characters from our
testing databases. This data is printed with COMPAQ Ink Jet IJ 650 Series and scanned
with ACER SZW 3000U in black and white mode. The characters data used for testing

by the recognizer are shown in Figure B.1-B.9.

peaudsRysagguInmaanonsuulNiniausInInudunes
§160888qq1T1118901888¢8n1dcewacabad0123456789
NTANIRTIRAYPNINMUAAANTIUVUHA NN N UNIBRIANANNDD
51658880911 18qn1dd8d9ydoemmadbaae0123456789
neandanssaiqgoInmaanansuulndnnuuraoAraunas

168888901118 qn1edfdqdoomaatbadc0123456789

npansensyagQyMuaanonsuvlndndansIedIAvENWal
§148888991 111 8gn1888d19doovoaddbwc0123456789

Figure B.1 Thai printed characters (four fonts Angsana New, Browallia New,

Cordia New, and Eucrosia UPC, size 14 points)

nenussnssogpagnuuanonsundrdniaussoinyavnes
§16888899111180918888916celbad 880123456789
nvavwssarsagypgneunanansuudndwdaNuIaIaANENNDT
51éﬁﬁﬁﬁqgtI115qn1d§ﬁﬁ‘]‘!50olncnde!bddd0123456789
niandqasttayppyneuanansuudrdninngsaaAnauias
F168888qq 1T 8 qnq88ddqudocbamadbdcw0123456789
npanssntroigppyneaanonsuududnlaussedAvENDE
§188888991 11 18qn 16886971000 bamadowew0123456789

Figure B.2 Thai printed characters (four fonts Angsana New, Browallia New,

Cordia New, and Eucrosia UPC, size 18 points)



puanIsRYsaggpinmuanansuudNAndavesaddy
atnnosd166000qg11118gn18d888qqdoobwacabaa

§0123456789
neavitarTagppInemanansuulnindane
1aQﬂvanwaa51éﬁﬁﬁﬁqgﬂl\ﬁqnqdﬁﬁdqq50
ehadddbcd/ade0123456789
neAnsqsTTRQ i nanansuuYndnianere

Aranfiond 168888qgillldgnqedfdqudcamace

bade0123456789
naanisnrEoig N uanonsuudnilwwnueg
s1dvannesa18nasdsgillldqniedddvdoo
bodEbncEx0123456789

Figure B.3 Thai printed characters-(four fonts Angsana New, Browallia New,

Cordia New, and Eucrosia UPC, size 22 points)

nunusnysagyppynananonsuudadnday

ssalnuauness 1600669911118 gn188889

foolwad&bI2E0123456789
nuavwdlaTIRYgHINamanansuuynd

AAnusTalawannesd1daddfenilllin
n18dddqgufoewmddba/@0123456789
neasqastIyyInananansuwuludwnn

uprdaAranfaadisasasqggiilldqnedde

14fcokmaacdbadc0123456789

ntAaNlINTYig QA M MNenonsuuYHHN
AnussadAuanwoaarandasggillliag
18888 11900bndEO>wWe®0123456789

Figure B.4 Thai printed characters (four fonts Angsana New, Browallia New,

Cordia New, and Eucrosia UPC, size 28 points)
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Figure B.5 Thai printed characters (four fonts Angsana New, Browallia New,

Cordia New, and Eucrosia UPC, size 14 points)

Figure B.6 Thai printed characters (four fonts Angsana New, Browallia New,

Cordia New, and Eucrosia UPC, size 18 points)



Figure B.7 Thai printed characters (four fonts Angsana New, Browallia New,

Cordia New, and Eucrosia UPC, size 22 points)

¥
immmﬂnﬂ“ﬁ““ﬂﬂd“ﬂﬂ

ol ] 122809
PLEEA LR ?gqéﬁﬁﬁﬁqqﬂﬂ\ﬁﬂﬂWﬂﬁeeq
nHD

2250123456787 ppwy R
aan
aaaﬁmwmﬁﬂimﬂn“.-u‘ g1 111810
nuf¥ qﬁaﬂwaaﬁﬂéﬂaaaq“ 789
gIfn 3456
WNn;,.‘lqéoQbmd&bddd012
Tt
nesd

n

uuﬂudﬂﬂ
ammauUBQﬁ““““mmn“ﬁ

naANIA

o ¢

3 2 gdde
ﬁﬁﬂﬂﬂﬁﬁﬂé%%%aﬁqﬂl\aqqq

LRLAL

6oobmd&b

'\5555 ﬂﬂﬁoemmddb

Figure B.8 Thai printed characters (four fonts Angsana New, Browallia New,

Cordia New, and Eucrosia UPC, size 28 points)
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i .9 Some example of words taken from our Thai testing database
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C.1 Ring-projection program

function [feature1] = ring(ox,0y,M)

%ring projection transforms 2-D patterns to 1-D pattern
%angle in radian
%radian = (2*pi/360)*degree

%M = length of maximun radius

k=1;
feature1(1,:)=0

%M is real and n is integer

n=floor(M)+1;

%(2*pi*M) is real and m is integer

m=floor(2*pi*M)+1;

fori = 0:n-1

sumval = 0,

for j = 0:m-1
r=i*(M/(n-1));
angle = j*((2*pi)/m); %angle(radian)
x = round(ox+r*cos(angle));
y = round(oy+r*sin(angie));
if Axy) ==0;

sumval=sumvai-+1;

end

end

96



feature1(1,k)=sumval;
k=k+1

end
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C.2 Finding attributes program

function [newatt] = find_att(PosAtt,nn_core,oldatt,s_p,be_c)
newatt=0;
for p=(s_p+1):nn_core

oldatt(be_c+1)=PosAtt(p);

if (newatt==0) newatt=oldatt;

else

newatt=[newatt;oldatt];
end,

end;
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C.3 Reducing attributes program

function [indispensable]=reduce_attribute(reduce_all)
n=1,

nmin=0;

%for(i=1:5)

while(n~=nmin)
if(nmin~=0) reduce_all=reduce_att; end,
[n i_attribute}=size(reduce_all);

still_n = zeros(1,i_attribute-1);

for att=1:i_attribute-1
if (reduce_all(1,att)~=0)
%att=4; %attribute which reduced
canred=1,
same_char=reduce_all;
same_char(;,att)=zeros(n,1);
for Chk=1:n
for Chk2=1:n
if(Chk~=Chk2)
if (sum(abs(same_char(Chk, 1:i_attribute-1)-same_char(Chk2, 1:i_attribute- 1)))==0)
if (same_char(Chk,i_attribute)~=same_char(Chk2,i_attribute))
canred=0;
break;
end,
end; -
end;
end;

end;
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if (canred==1)
[reduce_att]=reduce_same(same_char);
(red_r red_c]=size(reduce_att);
still_n(1,att)=red_r;
else
still_n(1,att)=n;
end,
elseif (reduce_all(1,att)==0)
still_n(1,att)=n;
end;
end;
nmin=min(still_n);

%n_nnim=length(nmin);

if(n>nmin)
for k=1:i_attribute-1
if(still_n(1,k)==nmin)
same_char=reduce_all;
same_char(;,k)=zeros(n,1);
[reduce_att]=reduce_same(same_char);
break;
end,
end;
elseif (n==nmin)
same_char=reduce_all;
for k=1:i_attribute-1
Chksame=same_char(; k);
LChksame=length(Chksame(Chksame==Chksame(1,1)));
if (Ien_gth(Chksame)==LChksame)
same_char(:,k)=zeros(n,1);

[reduce_att]=reduce_same(same_char);



end;

end;

end;

end,
indispensable=0;
for att=1:i_attribute
if (reduce_att(1,att)~=0)
if (indispensable==0) indispensable=[att;reduce_att(:,att)];
else indispensable=[indispensable [att;reduce_att(:,att)]]; end;
end;

end;

%%% % % %% % %% % %check eliminated%%% % %% %% %% %%
%  check=reduce_att;

%  [n_still i_attribute]=size(reduce_att);

% m=1,

% fori=1:n_stil

% if (sum(check(i,:))~=i_attribute)

% check_same=check(i,1:(i_attribute-1));

% collect_same(m,1)=check(i,i_attribute);

% check(i,:)=ones(1,i_attribute);

% n=1;

% for j=1:n_still

% if (sum(check(j,:))~=i_attribute)

% inspect=check(j,1:(i_attribute-1));

% if (sum(abs(check_same-inspect))==0)
% n=n+1,

% collect_same(m,n)=check(,i_attribute);

% check(j,:)=ones(1,i_attribute);
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% end;
% end;
% end;

% m=m-+1;
% end;

% end;

%% %% % %% %% % % %check eliminated%%%%%%%%%%% %
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C.4 Computing core program

clear;
address2 = 'D:\Kmith\Thesis\rough_class\feature_file4\',
result9=strcat(address2,'redatt_level2');
load(result9,'r_dec2_1','r_dec2_4','r_dec2_7','r_dec2_8'");
%result4=strcat(address2,'idec_level2');
%load(result4,'i_dec2_1','i_dec2_4'/'i_dec2_7''i_dec2_8"),
fori=1:4

if(i==1) indispensable=r_dec2_1,;

elseif(i==2) indispensable=r_dec2_4;

elseif(i==3) indispensable=r_dec2_7;

elseif(i==4) indispensable=r_dec2_8,;

end;
%indispensable=[11 12 13 14; 2 15 30 102; 1 25 20 103;2 15 10 100;2 5 10 101;215 20
100;2 25 30 102;1 25 30 103;2 520 101;1 5 30 103];
[core]=findcore(indispensable);
[reduct] = findreduct(core,indispensable);
if(i==1)

core2_1=core;

reduct2_1=reduct;
elseif(i==2)

core2_4=core;

reduct2_4=reduct;
elseif(i==3)

core2_7=core;

reduct2_7=reduct,;
elseif(i==4)

core2_8=core;

reduct2_8=reduct;

end;
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end;

result9=strcat(address2,'core_level2');
save(result9,'core2_1','core2_4','core2_7','core2_8");
result10=strcat(address2,'reduct_level2');

save(result10,'reduct2_1','reduct2_4','reduct2_7','reduct2_8");
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C.5 Elliptic Fourier descriptors program

ip=imread('t1.omp");
[xx,yy] = size(ip);
cs=contour(ip,1);
cx=cs(1,2:length(cs)-1);
cy=cs(2,2:length(cs)-1);

X=CX; y=CY,
x1=x(1); y1 =y(1);
disp(x1); disp(y1);
xmid=0.0;
ymid=0.0;

N=length(x);

for i=1:N-1
ax(i) = x(i+1)-x(i);
dy(i) = y(i+1)-y(i);
xmid=xmid+x(i);
ymid=ymid+y(i);

end

dx(N) = x(1)-x(N);
dy(N) = y(1)-y(N);

% compute midpoint (centroid) of outline
xmid={(xmid+x(N))/N;
ymid=(ymid+y(N))/N;
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% Compute elliptic fourier coefficients from delta x,y
% Reference: Kuhl, F P and C R Giardina 1982. Elliptic fourier features of a closed
contour
tsum =0.;
xsum = 0.;
ysum = 0.;
a0=0.;
c0=0,,
xi=0.,
yi=0.
1=0.;kk=0.;
fori=1:N
t(i) = sqrt(ax(i)*dx(i)+dy(i)*dy(i);
I(1) = kk + sqrt(dx(i)*ax(i)+dy(i)*dy(i));
if i>1
I(i) = 1(i-1)+ sqrt(dx(i)*dx(i)+dy(i)*dy(i));
if i==
iengthperimeter=I(i);
end
end
rdx (i) = dx(i)/t(i);
rdy(i) = dy(i)A);
tnew = tsum+t(i);
if i>1
Xi = xsum-rdx(i)*tsum;
yi = ysum-rdy(i)*tsum;
end
t1 = t(i);
t2 = tnew*tnew-tsum*tsum;

a0 = a0+.5*rdx(i)*t2+xi*t1;



c0 = cO+.5*rdy(i)*t2+yi*t1;
tsum = tnew;

xsum = xsum-+dx(i);

ysum = ysum-+dy(i);

end

if tsum>0.0
a0 = x1+a0/tsum;
c0 = y1+cO/tsum,
end

tlen = tsum;

/.

FAY
% loop on harmonics,;
% k ="harmonics t;

k=1,

for h=1:k
fh=h;
fact1 = fh*6.283185/tsum;

angprv =0.;

asum =0,

bsum =0.;

csum =0,

dsum =0,
for i=1:N

ang = angprv-+t(i)*fact1;

wtac = cos(ang)-cos(angprv);
wtbd = sin(ang)-sin(angprv);

angprv = ang;
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asum = asum-+rdx(i)*wtac;
bsum = bsum-+rdx(i)*wtbd,;
csum = csum-+rdy(i)*wtac;
dsum = dsum-+rdy(i)*wtbd,;

continue;

end

fact2 = fact1*fh*3.141596;

aa(h) = asum/fact2;

bb(h) = bsum/fact2;

ce(h) = csum/fact2;

dd(h) = dsum/fact2;

continue;

end

%

Normalizes k elliptic fourier coefficients in aa,bb,cc & dd.

% The normalization quantities used are returned in size, rotate
9% and start. To normalize for object location, ignore xmid,ymid
% returned by XY2DEL. To normalize

9% for trace orientation, compute coefficients only for counter-
% clockwise traces

9% Reference: Kuhl, F P and C R Giardina 1982. Elliptic fourier
9, features of a closed contour. Computer graphics and image
a=aa(1);

b=bb(1);

c=cc(1);

d=dd(1);

denom=a*a+c*c-b*b-d*d;

theta=0.5*atan2(2.*(a*b+c*d),denom);

r=cos(theta);
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s=sin(theta);

astar=r*a+s*b;

cstar=s*d+r*c;

psi=atan2(cstar,astar);

estar=sqrt(astar*astar+cstar*cstar);

if(estar == 0.0)
estar=1.0;

end

r=cos(psi);

s=sin(psi);

aln = (r*a0+s*c0)/estar;

cOn = (-s*a0+r*c0)/estar;

for n=1:k
thetan=theta*(n);
rn=cos(thetan);
sn=sin(thetan);
one=aa(n)*r+cc(n)*s;
two=bb(n)*r+dd(n)*s;
thr=cc(n)*r-aa(n)*s;
four=dd(n)*r-bb(n)*s;
aa(n)=(rn*one+sn*two)/estar;
bb(n)=(rn*two-sn*one)/estar;
cc(n)=(rn*thr+sn*four)/estar;
dd(n)=(rn*four-sn*thr)/estar;
size=estar,
rotate=psi;
a0 = aln;
c0 = cOn;

end

twopi = 6.283185;



n=N;

fori=1:n+1
xi = a0;
yi = c0;

delang = twopi*(i-1.)/n;

ang = delang;

for h=1:k
xi = xi+aa(h)*cos(ang)+bb(h)*sin(ang);
yi = yi+cc(h)*cos(ang)+dd(h)*sin(ang);
ang = ang-+delang;

continue; */}

end

Xrs(i) = xi;

Yrs(i) = vyi;

continue;
end

%*********Q******ttiiii******i*i*****************t

% Xonly
Rx=Xrs;
% Size Normalization to scaling is performed in and the
% three step:
% Compute Xm and XM , the minimum and the maximum of Xrs
Rxmin=min(Rx);
Rxmax=max(Rx);
% Rescale Xrs(l) in Xscal
fori=1:n
Rxscal(i)=(Rx(i)-Rxmin)/(Rxmax-Rxmin);

end
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% Resample Xscal into Xt using interpolate
Rxsamp=interpft(Rxscal,300);
Rx=Rxsamp";

% Rsamp

96**********i**i***********ii*i*i**i***ii**ﬁ*******

96**i***************i*******i*i*i****i*i***i*i****i

% Y only
Ry=Yrs;
% Size Normalization to scaling is performed in and the
% three step:
% Compute Xm and XM , the minimum and the maximum of Xrs
Rymin=min(Ry);
Rymax=max(Ry);
% Rescale Xrs(l) in Xscal
fori=1:n
Ryscal(i)=(Ry(i)-Rymin)/(Rymax-Rymin);

end

% Resample Xscal into Xt using interpolate
Rysamp=interpft(Ryscal,300);

Ry=Rysamp';

% Rsamp

O HRRRRRRH R AR RRRRRRRRER KRR RRARRRARRAAA S

% catesian to polar

Rs=sqrt(Xrs.”2+Yrs.*2);

% Size Normalization to scaling is performed in and the
% three step:

% Compute Xm and XM , the minimum and the maximum of Xrs
Rsmin=min(Rs);

Rsmax=max(Rs);

% Rescale Xrs(l) in Xscal
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for i=1:n
Rscal(i)=(Rs{i)-Rsmin)/(Rsmax-Rsmin);

end

% Resample Xscal into Xt using interpolate
Rsamp=interpft(Rscal,300);
Rxy=Rsamp';
% Rsamp '
figure,plot(Xrs,Yrs);
O R AR AR AR AR AR RREERRERRRRRRRARRRRRARRRRRRRRRAANS
% Y only
% Size Normalization to scaling is performed in and the
% three step:
% Compute Xm and XM , the minimum and the maximum of Xrs
flymin=min(l);
lymax=max(l);
% Rescale Xrs(l) in Xscal
for i=1:N-1
lyscal(i)=(i(i)-tymin)/(lymax-lymin);

end

% Resample Xscal into Xt using interpolate
lysamp=interpft(lyscal,300);
ly=lysamp';

% Rsamp

O FHRR AR AR RARE AR R AR R EREERRRRRRRRRRRARARRRARRRRRS

% Normalized Rotation

% disp(l);

delta=theta*lengthperimeter/6.2832;
mx=max(x);

if abs(mx-x(1))<=3
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if psi<=2.64
Ip1=lengthperimeter-delta;
Ip2=lengthperimeter+delta;
disp(delta); disp(psi);
else
Ip1=abs(delta);
lp2=abs(delta);
disp(delta); disp(psi);
end
if psi<0
if theta<0
fori=1:N
if (1)) <=Ip2)&(Ip2<i(i+1)))
if i<N/2
jk=i+N/2;
else
jk=i-N/2
end
starting=1(i); xre=x(i); yre=y(i),
disp(starting);
disp(xre); disp(yre);
break; B
end
end
end
if theta>=0
fori=1:N
if (I()<=Ip1)&(p1<Ii(i+1)))
if i<N/2
jk=i+N/2;

else

113



114

Jk=i-N/2
end
starting=I(i); xre=x(i); yre=y(i);
disp(starting);
disp(xre); disp(yre);
break;
end
end
end
end
if psi>=0
if theta<O
fori=1:N
if ((1(i)<=Ip2)&(Ip2<i(i+1)))
if i<N/2
jk=i+N/2;
else
jk=i-N/2
end
starting=1@); xre=x(i); yre=y(i);
disp(starting);
disp(xre); disp(yre);
break;
end
end
end
if theta>=0
fori=1:N
if (1) <=Ip1)&(Ip1<i(i+1))
if i<N/2
Jk=i+N/2;
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else
jk=i-N/2
end
starting=I(i); xre=x(i); yre=y(i);
disp(starting);
disp(xre); disp(yre);
break;
end
end
end
end
end
if abs(mx-x(1))>3
Ip1=lengthperimeter-delta;
Ip2=lengthperimeter+delta;
disp(delta); disp(psi);
if psi<0
if theta<0
fori=1:N
if ((1(1)<=1p2)&(Ip2<i(i+1)))
Jk=i;
starting=I(i); xre=x(i); yre=y(i);
disp(starting);
disp(xre); disp(yre);
break;
end
end
end
if theta>=0
fori=1:N
if ((16)<=Ip1)&(Ip1<I(i+1)))
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jk=i;
starting=I(i); xre=x(i); yre=y(i);
disp(starting);
disp(xre); disp(yre);
break;
end
end
end
end
if psi>=0
if theta<O
fori=1:N
if ((1()<=1p2)&(Ip2<I(i+1)))
jk=i;
starting=I(i); xre=x(i); yre=y(i);
disp(starting);
disp(xre); disp(yre);
break;
end
end
end
if theta>=0
fori=1:N
if ((1()<=Ip1)&(ip1<I(i+1)))
jk=i;
starting=I(i); xre=x(i); yre=y(i);
disp(starting);
disp(xre); disp(yre);
break;
end

end
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end
end
end
jKk=N-jk;
for i=1:N
if i>=jk
xx(i-jk+1)=x(i);
yy(i-k+1)=y(i);
else
xx(jkk+1+i)=x(i);
yy(jkk+1+i)=y(i);
end
end
kk=0;
for i=1:N
(1) = Kk + sqrt((ox(2)-xx(1))*(xx(2)-xx(1))+{yy(2)-yy(1)*(yy(2)-yy(1));
if (i>1)&(i<N)
M1(5) = 1G=1)+ sqrt((ox(i+1)-xx(D)* (ex(i+1)-xx () +(yy (i+1)-yy () *(yy (i+1)-yy()):
end
end
I(N) = I(N-1)+sqrt((xx(1)-xx(N))* (xx(1)-xx(N))+(yy (1)-yy(N))*(yy(1)-yy(N)));
for i=1:N
xri(i)=xx(i)*cos(psi)+yy(i)*sin(psi);
yri(i)=-xx(i)*sin(psi)+yy(i)*cos(psi);
end
disp(i(N));
figure,plot(l,x);
figure,plot(ll,xx);
% figure,plot(xri,yri);



C.6 Fourier descriptors program

void test::fourier()
{
complex suma(0,0),sumb(0,0),dum(0,0);
int mk;
#define pi 3.14159
for(k=0;k<=31;k++)
{
for(m=1;m<=I;m++)
{
complex a(0,-(k*(2*pi/l)*m));
aa[m]=(x[m-1])*(exp(a)).
suma=suma+aa[m];
aa[m]=(y[m-1])*(exp(a));
sumb=sumb+aa[m];
}
ak[k]=suma/l;
bklk]=sumb/I;
suma=dum;
sumb=dum;
absa=abs(ak[k]);
absa=absa*absa;
absb=abs(bk[k]);
absb=absb"absb;
rik]=sqrt{absa+absb);
s[k}=rrk)/rr{0];
Jlcout << "s" << (k+1) <<"="<< g[k]<<". "
}
/lcin >> filename;
ligetch();

Jlclrscr();
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C.7 Contour-following program

void test::contour()
{
/ffind bottom-left conner
int blx,bly,i=width,j=height;
char bl='n’;
do
{
if(datafjli]==2)
{
bix=i;
bi="y";

}

i=i-1;

if(i==0)

{

=1
i=width;

}
Jwhile(blt="y");
bly=(height-j);
int z=0,
i=0;
=0

/ffind first point
do

{
if(datalj][i]==2)
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x[0]=i;
z=1;
}
I=i+1;
if(i==width)
{
=i+
i=0;
}
Jwhile(z!=1);

y[0]=(height-});
i=i-1;

//find second point

if(data[jl[i-1]1==2)
{
x[z]=i-1;
y[z]=height-j; -
}
else if(data[j+1][i-1]==2)
{
x[z]=i-1;
y[z]=height-(j+1);
}
else if(datafj+1](i]==2)
{
x[z]=i;
y[z]=height-(j+1);
}
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else if(datafj+1][i+1]==2)
{
x[z]=i;
y[z)=height-(j+1);
}
else if(datafj][i+1]==2)
{
xX[z)=i;
y[z]=height-j;
}
Jlcout << x[0]<<""<<y[0]<<" "<<x[1]<<","<<y[1];
/igetch();
/lbegin contour at now z=1
int x0,x1,y0,y1;
" charblpass="n";
[=2;
do
{
char check='d',
x1=x[z-1]://132
x0=x{z]; /131
y1=y[z-1];//116
yo=y[z]/n7
do
{
if(yO<y1&8&check!='q')//moveleft
{
while(x0<=x1&&check!='q)
{
x1=x1-1;

if(data[height-y1][x1]==2)check="q";
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}
if(x0>x1&&checkl="'q')//movedown

{
while(y0<=y1&&check!='q’)
{
y1=y1-1;
if(datalheight-y1]{x1]==2)check='g";

}
if(y0O>y1&&check!='q')//moveright
{
while(x0>=x1&&check!='q")

{

x1=x1+1;

if(datalheight-y1][x1]==2)check='q',

}
if(x0<x1&&check!='q")//lupward
{
while(y0>=y1&&check!='q’)
{
yl=y1+1;
if(data[height-y1][x1]==2)check='q";
} .
}
Jwhile(check!='q");
z=z+1,
x[z]=x1;
ylzl=y1;

I=1+1;



Jlcout<<x1<<""<<yi<<"";
/igetch();
if(x[z]==bIx&8&y[z]==Dbly)bipass="y";

Jwhile((x[z]!=x[0]lly(z]!=y[0])l[blpass!="y");

for(int i=0;i<=I-1;i++)y[i]=height-y[i];

for(int i=0;i<=I-1;i++)dataly[i]][x[i]]=0;

int xt,xb,yt,yb;
xt=x[0];
xb=x[0];
yt=y[0];
yb=y[0];
for(int i=1;i<l;i++)
{
if(et>x[i])xt=x{il;
if(xb<x[il)xb=x[il;
if(yt>y[iDyt=y[il;
iftyb<y[il)yb=ylil;
}
for(int j=ytj<yb;j++)
for(int i=xt;i<xb;i++)

datafj][i]=0;
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C.8 Back-propagation neural networks program

#include<iostream.h>
#include<stdlib.h>
#include<math.h>
#include<conio.h>
#include<stdio.h>

#include<alloc.h>

double in[90][31];
double act_h1[90][65];
double out_h1[90][65];
double act_0O[90](4];
double out_O[90](4];
double Tout[90](4];
double CR[90](4];
double cr1[90](65];
double w1[65][31];
double W[4][65];
double Dw1{65](31];
double DW[4][65];
double E,Ep[90],Etot=1.0,Serror=1.0;
double sig(double);

void main()

{
randomize();
for(int 1=0;i<90;i++)
for(int j=0;j<4;j++)Tout[i]{j}=0;
for(int i=42;i<62;i++)Tout[i][3]=1;
for(int i=62;i<82;i++)Tout[i][2]=1;
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long inti;
int rule,input,hidden,output;
for(hidden=0;hidden<65;hidden++)
{
for(input=0;input<31;input-++)
{
w1[hidden]finput] = 8-random(301)/10.0;
}
}
for(output=0;output<4;output++)
{
for(hidden=0;hidden<65;hidden-++)
{
W[output][hidden]= 1-random(201)/100;
}
}

/* End the random weight process (w,W) */
/* Receive value of beta and iterations */
double beta,neta;

long int iters;

cout<<"What's correction factor? =", cin>>beta;
cout<<"How many iterations? =", cin>>iters;
cout<<"How many learn rate? ="; cin>>neta;
FILE *read;

int count=0;

double S[32];
read=fopen("Charact.dat","rb");
while(lfeof(read))

{
fread(&S,256,1,read);
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for(int i=1;i<32;i++)in[count]{i-1]=S[i];
count++;
}
fclose(read);
cout << "There is "<<(count-1) <<" Characters."<<end|;
cout <<"How many Characters do you want to learn? ",cin>>count;
count++;
float maxerror =0.012;
/*END SET INPUT AND TARGET OUTPUT*/
for(i=0;(I<Iters)&&(Etot>maxerror);i++)
{
if(kbhit())
{
clrscr();
cout << "Add 2,000 iters.."<<endI<<"Please any keys..";
getch();
iters += 2000;
geteh();
}
cout<<"Loop == "<<ij<<endl;
/* Compute output of each hidden node */
for(rule=0;rule<(count-1);rule++)
{
for(hidden=0;hidden<65;hidden++)
{
act_h1[rule](hidden]=0;
for(input=0;input<31;input++)
{
act_h1[rule][hidden] += w1[hidden][input]*in[rule][input];

}
out_h1[rule][hidden] = sig(act_h1[rule][hidden]);
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I* Compute output of each output node */
for(rule=0;rule<(count-1);rule++)
{
for(output=0;output<4;output++)
{
act_O[rule][output]=0;
for(hidden=0;hidden<65;hidden++)
{
act_O[rule][output] += W[output][hidden]*out_h1[rule][hidden];
}
out_Of[rule][output] = sig(act_O[rule][output]);
}

}
/* Compute Error E */

double E=0.0;
double Sum_of_error[90];
for(rule=0;rule<(count-1);rule++)
{
Sum_of_error[rule]=0;
for(output=0;output<4;output-++)
{
Sum_of_error[rule] += ((Tout[rule][output]-out_O[rule][output])*
(Tout[rule][output]-out_O[rule][output]));
}
Eplrule] = Sum_of_error{rule]/2.0;
E += Ep[rule];
}
Etot = E/((double)count-1.0);

cout << Etot<<end!;
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if(Etot>maxerror)
{
for(rule=0;rule<(count-1);rule++)
{
for(output=0;output<4;output++)
(
CRIrule][output] = beta*(Tout[rule][output]-out_O[rule][output])*
(1-out_O[rule][output])*out_O[rule]{output];
for(hidden=0;hidden<65;hidden++)
{
DW[output][hidden] = neta*CR[rule][output]*out_h1[rule][hidden];
Wloutput][hidden] = Woutput][hidden]+DWI[output][hidden];
}

}
/* Compute new weights for input to hidden1 connection */
double add1{90];
for(rule=0;rule<(count-1);rule++)
{
add1{rule]=0;
for(output=0;output<4;output++)
{
for(hidden=0;hidden<65;hidden++)
{
add1[rule] += CR[rule][output]* W[output][hidden];
cri[rule][hidden] = add1[rule]*beta*(1-out_h1[rule](hidden])
*out_h1{rule][hidden];
for(input=0;input<31;input++)
{
Dw1[hidden][input] = neta*cr1[rule][hidden]*in[rule](input];
w1[hidden]{input] = w1[hidden][input]+Dw1[hidden][input];



}

}
}¥* End loop */
cout<<"No. of loop=="<<i<<end|
cout << Etot<<endl;
getch();
/* Show all using weights *//*
for(int 1=0;1<65;1++)
{

for(int J=0;J<32;J++)

{

cout<<"weight1"<<|<<""<<J<<"=="<<wi[l][J]<<end!,

}
getch();

}

/lcout<<"My name is Warawat'<<endl;

ligetch();

for(int 1=0;1<4;1++)

{
for(int J=0;J<65;J++)
{

COUt<<"WEIGHT"<<|<<","<<J<<"=="<<W[l][J]<<end];

geteh();
}
el
for(rule=0;rule<(count-1);rule++)

{

cout<<"Rule"<<(rule+1)<<endl,
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for(output=0;output<4;output++)
{
cout<<"It's Tout"<<(output+1)<<"=="<<Tout[rule][output] <<";;";
cout<<"lt's output'<<(output+1)<<"=="<<out_O[rule]loutput]l<<end!;
}
getch();

}
char check='n',
cout << "Do you want to save file?";cin >> check;
if(check=="y")
{
FILE *save_file;
save_file=fopen("Weight.Dat","ab");
fwrite(&W,sizeof(W),1,save_file);
fwrite(8&w1,sizeof(w1),1,save_file);
fclose(save_file);
}
} /* End Main */
double sig(double x)
{
double v,
y = 1.0/(1.0+exp(-x));
return(y);

} * End Function Sig */
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Abstract

-This paper describes a method of cavity features
and neural network for recognizing handprinted Thai
characters. The recognition process is implemented
using mathematical morphology to detect the cavity
features of patterns, and learning to classify by neural
network. The stage of recognition divided into three
stages. First, the handprinted Thai characters are
segmented from the sentence into three different level
groups. Then, the cavity features of each handprinted
Thai character are detected, and counted the numbers
by the Euler number method. Finally, uses the majority
area of the cavity features for computed the feature
codes of the characters in each class. These codes are
trained by neural network for leaming in the
classification characters. '

1. Introduction

The developmental of the method of recognition
of the Thai characters at the present time by using
different methods can be computerize into different
information such as transform pictures format to text
mode, and go into the form of text file, and be able to
use with the word processor or automatic apply to the
different duties. There are several experimental
researches written by the researchers. {1-4]

This research will present the method of
recognition of handprinted Thai characters by
searching for the cavity features of each character
based on neural networks for solving the problem in
the recognition by considering the head of the
handwritten Thai characters. (4] The method of finding
the cavity features can solve the problem of the head of
the Thai characters in which will be illustrate in the
following section.

2. The cavity features of handprinted Thai
characters

The nation of cavities involves the spaces that
surround the actual character stroke. Figure |1
illustrated the cavity features. A cavity [S] is a region
of points bounded by the stroke on at least three sides.
The cavities are named by the direction in which they
open, that is, the side on which they are not bounded.
A west cavity is a region open to the west but not open

to the north, south, or east. A hole is.a region
completely enclosed by the stroke. A center cavity is a
region that is surrounded on all four sides, but is nota
hole. There are six cavity feature types: east, west,
north, south, center, and hole. The cavity features are
computed using binary mathematical morphology. The
language of binary mathematical morphology is that of
set theory. Sets in mathematical morphology represent
the shapes that are manifested on binary or gray scale
images. The set of all the black pixels in a black and
white image (a binary image) constitutes a complete
description of the binary image. The morphological
operation is used in this research is dilation.[6]
Cutter Cavity North Cavity

\

bk

/
Hole Cavity s.\uh cavity

Fig. 1 Cavity features of the handprinted
Thai character “ai”.
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Fig. 2. Feature images used for cavity
based zone features.

Let N, S, E, and W denote structuring elements
that are rays in the directions north, south, east, and
west. These structuring elements are depicted in Fig. 3.
The feature images are denoted I, HF, CF, NF, SF, EF,
and WF in the order given in Fig. 2. In particular, /
denotes the image of the character itself. Furthermore.
let B denote the backgrourid, or complement, of the
image /. The feature images are computed according
to the following morphological algorithm:

NF=®NNIBSNAI®ENIE WNB

SF=I@NNIBSNI®ENIE WNB
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Fig.3.N, S, E, and W structuring elements used to
compute the cavity feature images.

EF=1dNNI®SNI®ENI® WnB

WF=I®NNI®SNIBENnI®WNB

CF=I®NNIOSNIGBENI® WNB

HF = span-until (border, B,T) v 1

Feature vectors can be computed as follows: The
image of the character is normalized to the size 64x64
pixels. The feature images are computed from
morphological algorithm and count the number of the
cavity features in the character image by Euler number
method.[7] '

3. Segmentation

The Thai language sentences are composed of
consonants, vowels and controlled voice tones, on
different levels. The segmentation of handprinted Thai
characters from the sentence into three different level
groups uses the method in reference [1l.

4, Classification

The classification stage-consist of two sub stages
that are the classification by the cavity features and the
classification by neural network. The detail
classification will be described in the titles of 4.1 and
4.2 respectively.

4.1 The classification by the cavity features
After the handprinted Thai characters were
segmented from each sentence using the different
levels into three different level groups, then each
handprinted Thai character image is divided into four
sub regions by using the center of gravity and detected
the cavity features of handprinted Thai characters, and
computed the number of cavity feature types. So that
the feature vectors composed of the cavity image in
each region (H,... Hy, C,... Ci, Ni...Ng Sy Ses
E,... E, and W,... W,), the number of the cavity
feature types (Ny, N¢, Ny, Ng and Ny ) and different
levels Ly in which the number of cavity features and
different levels represented three bits, and two bits
respectively. The example feature codes as shown in
Fig. 4.
From the cavity features of the handprinted Thai
characters detected the area of the cavity features in
each character, and classified these characters

136

according to the area of cavity features of east, west,
north, and south such as the handprinted Thai
characters * n, 0, n, " were classify in the class of
cavity feature of south according to the majority area
of the cavity features are south, but “y,4, 4,1, 3" the
majority area of cavity features were north type. In
some of the cases one of the characters may classify
as north or south type, in which depend upon the way

of writing such as “ o, &, w, ¥ ”'. From classifying the

majority of the area of cavity features of the
characters in each group may classify into classes as

follows:-

Camm1 %

Curn 2 n-§i1€a‘.’d
Can 8 wnngg_‘f:fmﬂa

e N=172U0 €T 00 Q0 s
gdwdw

4.2 The classification by neural network

In this sub stage a neural network was utilized to
classify handprinted Thai characters by bringing the
feature codes of the characters in each class in the title
of 4.1 trained by back propagation neural network for
learning in classifying of the characters form the group
in each class is shown in Fig. 9 [8].

N « Rorth carity featurrs Np= 1
N,la 1 Nzn 1 N3= 1 N4: 1

0o § = South cavily kratures Ne= 1
88 8 §=0 520 21 51
00 0 H « Hole carily katares Nh=2
Cavity features of Hy=0 Hg*1 Hyp 0Hg=1
the character “%”.

Fig. 4. Dividing regions of Character and the
cavity features of Thai character “v”.
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5. Heads or loops

The Thai characters characteristics is always
written by the head first and then the strokes is written
connected from the head. The heads or loops are
important to classify by the method in reference [4]. If
the heads or loops incomplete the method in reference
[4] is fail but in this research do not the problem, and
there are the capability to detect the cavity features of
these defect head characters as shown in Fig. 7.

1.

6. The speclal techmques Lo :
After training for_ the classxﬁcauon by “neural
network”. Some of the Thai characters are similar, and
can not be classify any more. So that the researchers
found the special techniques for the recognition such

as n # "there are similar, the only difference is that the
head of the ‘characters in Wwhich lead to the problem of
recognltxon Any of the methods of recognltlon is n

there is outer curl but f there is inner curl. The

experimental of the head of the characters can be scan
at the right edge and lowest edge of center cavity
feature when expecting the position of the right edge,
- and the lowest edge, then scan in the horizontal
from left to right for finding border of the left center
cavity feature as in ‘the - fig. 5 a), then can get the
segment of the characteristic of the head as in the fig. 5
b). After that will scan specific segment with in the
region as in the fig. 5 c), when classified the segment
as needed. Finally scanning the specific segment then
can get the cavity features as in fig. 6 d) and 6 h), then
the researchers can classify the characters that are
similar refer to the broken head as shown in fig. 7 d)

and 7 h). ’
In the case of the Thai characters of the similar

feature codes % and v, then will prove on the width
and the heightas in the Fig. 8 a),vand U, mand A, #
and H then will prove on the distance of L and R as in

the fig. 8 b), but the characters of — and  use the
cross point can be able to classify as in the fig. 8 ¢).

7. The experimental results

The handprinted Thai characters set composes of
three vertical level groups and totally ten classes. The
character image in each class are dividing into 4
regions using of the gravity center and computed the
cavity feature vectors, and counted the number of the
cavity feature types. The different levels, the number
of cavity feature types, and the feature codes of the
handprinted Thai characters in each class are inputs
into multilayer feedforward neural networks trained

WP1-3.3
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Fig. 5 The process for extracted the specific
segment of similar characters.
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Fig 6 The classification of the similar Thai
characters “a and n” by the detection
_of cavity features in the head segment
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Fig. 7 The classification of the similar Thai

characters “A-and A" by the'detection

of cavity features in the head region
for the case of broken head.
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Fig 8.The classification of the Thai characters
for the case of the similar feature codes.
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using back propagation. The neural networks
perform classification and confidence assignment. The
example feature codes of handprinted Thai characters
are inputs into neural network in the training stage for
learning in classifying of the characters as shown in
Fig. 9.

In the training stage, the characters in each class
has 20 different training patterns, giving a maximum
of characters are 600 training patterns for class 5, and a
minimum of characters are 40 training patterns for
class 1 or 8 in one training cycle. The training patterns
of the handprinted Thai characters are written in
normal shapes. The experimental results are shown in
table 1 as average recognition rate of each different
level groups. The comparison of recognition rate of
cavity features with other methods are shown in table
2.

Table ] Results of testing the handprinted Thai
character Neural Network Classifiers on the 3,200
characters.

TifSerant lowel proum | Clusss | Reon prithoa rew ()
1 1 10000
2 2-6 o8.1¢
3 7-10 9¢.90
Towal mosgriven ran o1.91

Table 2 The comparison of the recognition rate of
the cavity features with other methods.

Recopaition methodr | Perceat correct (%)
Lcocal features! 3] 88.9
Head comidarationl’! 93.2
Cavity feetures $8.8

8. Conclusions
This particular paper presenta cavity features
of character base on neural network for handprinted
Thai characters recognition system. The features from
the character image data which do not make thinning
process and edge detection, then the character image

Foature !‘npui layex
4
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processing time is reduced. The cavity features are
inputs into multilayer feedforward neural networks
trained using back propagation for classification. The
experimental results prove the usefulness of this
method with an actual recognition rate of 98.3
percents for 3,200 handprinted Thai characters (80
characters for each copy) from 40 persons.
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Abstract

A new approach for recognizing Thai Characters is presented. We employ various methods i.e. Boundary Normalization,
Fuzzy Theory and Back-propagation Neural Networks to detecting boundary functions of characters, and attempt to
normalize these functions by orientation and siza variations of the symbols, Hers, Fuzzy logie Is used to moda! the
uncertainties in the relationships between the variables of boundary normalization of the characters. Finally, use of feed
forward neural network to leamn fuzzy rules base. A neural network can implement which this means fuzzy IF-THEN rules.
The experimental results shows the recognition rate are high though only a limited number of features have been involved.
The result of this approach indicates that the systems can successfully recognized 1600 Thai characters with 98.5% accuracy.

1. Introduction

Many researches for transforming characters images to text in Thai language have been studied
for many years. The researchers have attempted to propose several methods to implement in
computers and then apply them in various areas. The details of these approaches are illustrated in
[1-14]. Although the accuracy rate of the exists systems are accepted, but they have limitations on
size and orientation variations. Our approach describes the integration methods afnong boundary
normalization, fuzzy set theory and artificial neural network. Two issues may arise in discussion
with the shape of character that are orientation or slant and size variation, which this problem can be
solved by finding the boundary functions of the characters. The principle in this research is based on
the method developed by Kuhl and Gardina [4), which is efficiently, applied even when the heads of
the characters were defected. We continually employ fuzzy modeling technique to extract the
essential features and then feed these sets of fuzzy rules into the back propagation neural network,
for training and recognition. The paper is organized as follows; Section 2-4 briefly reviews the
preprocessing method and the feature extraction. The construction of a Thai word as shown in Fig 5.
Those are separated by the elliptic Fourier descriptors. The features of elliptic Fourier descriptors
are extracted and fed to Fuzzy-neural system. In section 5-8, we show the application of this
algorithm in our work. The application of using fuzzy theory and BPNN are described in section 6
and 7 respectively. Finally, the experiments and their results are in section 8.

© 2000 The Fourth Symposium on Natural Language Processing
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2. Thai characters and experimental data

Thai characters, as shown in Fig.1, consists of 42 consonants, 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 machine (see Fig.4), a vowel can be situated above two consonants.

Thal numersals
oalscndd:bﬁ &
1 13 4 35 6 7% %10
Consonants
NAHLIIYHAANN
113313 41544 l:‘l?)ﬂﬂﬁ
QNﬁqugymuﬂu,
b M 2% 36 3T A po T S ol e )
oA anyyl
. 34 0 X oue ‘L- &2 '4‘
TN
41 48 &7 N N
Vowels
v oo wioll-
:25]'4.’.5.0.«;*"93002 : €A nE € 87

b )

Tone of voice

Y e e
19

€360 XTI 1T 4 N5

Arahlc numersds

0123436789
I % T 79 03 0 8l 82 81 8¢

Fig. 1 that character set
und Tensfersuazmalulatesaumna

Fig.2 Example of Thai language sentence
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Tone of voice X X
Vowel X
Vowel and consonant X X X X X X
Vowel X X X X
t £ Z 4
f l fl f f fl
L' QY

Fig.3 Composition of Thai character word or sentence

o vowel
"
U
j t— Consonant

Consonant

Fig 4 Example of Thai word vowel is situated above both consonants.

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 necessary to scan in both vertical and horizontal directions. The
procedure of segmentation as shown in Fig. 5 is as follows:

GRITERE

®

(i)

Fig 5 A method of segmentation
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(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 horizontal direction, the pattern of each
character is to be found between two spaces.

(iif) 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 the pattern.

The procedure (ii) is very difficult to use with a pattern such as that in Fig 6, as scanning cannot
be horizontal 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 data to
find 0’s data before retuming 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 patterns.

o
=Y

Q
=
et :.:5
N

—— it e e a0 4t A

Fig. 6 Special case of pattern in which procedure(ii) is very difficult to use.
4. Elliptic Fourier description

Kuhl and Gardina [4] extracts the Fourier coefficients and from the contour functions x(/) and
y() in eq.(1) and eq.(2) :

x(l)=A,+z:_|(a,cos 2n1tl+b. sin 2‘:‘1) (1)
y() = C.+ T2, (e cos 22804 g, sin 2851 @)
Where 1 is the arc length computed from some origin on the contour,

L is the total length of the outer character contour,
a,,b,,c,,d, are the Fourier coefficients.

The phase angle Y, are obtained from a,, by, c,, and d, as in eq.(3).
%:%mn _,{ 2(a,b, +¢,d, } 3)

al+bl-cl-d}
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To derive a set of descriptors that are invariant with respect to starting point and rotation, the
rotation angle between the positive x-axis and the major axis of the first harmonic ellipse is
calculated (4):

6= tan-‘(-?'-)= tan"[— bysin g, +, 05, ] 0<¢, <2n @
a

1 a, cosQ, +c,sinQ,

In this work, we use ¢ and ,| - (¢,L ) in order to normalize the contour itself. We rotate the
2n

contour by using ¢ and shift the resulting X, (1)and y, (1) functions by using Al. We call x (1)
and .y,,(l)as the resulting boundary functions of normalization to rotation and the shift,
respectively.

. 5. Boundary Normalization Procedure

. For characters of different size, the parameter and dynamic ranges of the boundary function are
different. To normalize with respect to size variations, the boundary function is performed by
scaling and resembling x . (1) to x(t), where t = 0,1,..T-], and T is a parameter chosen by

user, and ;(t) € [0,1].
The same procedure is performed on y , (7). The choice of T depends on the images of the

characters that are recognized. If T is chosen too small, some characteristics of the boundary may be
fost. If it is chosen too big, for example bigger than the parameter L, the errors due to the -

digitalization will be accepted.

I St e Sk 1 S A R I
AT hs NI SR RS Ca B d l*ﬁgru A
T Ty S

Fig 7. Characters of different orientations and the corresponding x(1I) functions.
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Fig 7. shows several characters of identical sizes but with different orientation, and shows the
plots of the corresponding functions x(i) versus 1(i).

Fig 8. Normalized function x(t), T = 64, for characters from figure 7.

Fig 8. illustrates the result of the normalization algorithm of characters from Fig 7. In the case

of different size of characters as in Fig 9(a), the function x(I) is shown in Fig 9(b), and ;(t) for. .

characters with different widths or heights is shown in Fig 9(c). Fig 9 is interesting because it shows
that the resulting boundary functions are not only invariant to uniform dilatation, but also directional
resizing. This advantage is valuable for recogrizing printed characters with different fonts.

Fig9  The example of printed Thai characters of different size, and boundary
normalization where T = 300
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6. Fuzzy Model for pattern Recognition

Fuzzy set theory and fuzzy modeling techniques have been applied to various fields such as
pattern recognition and data clustering. These techniques allow objects to be assigned to different
regions or clusters to different degrees, thereby often improving the model of the data structure. The
features extracted from the boundary normalization of an input character are modeled by linguistic
variables such as LOW, MEDIUM, HIGH, etc., and then the latter used within a predetermined set
of fuzzy rules.

The inputs of the fuzzy network originally consisted of the T}? (i =1,2,...,30) of the boundary

normalization (at 30 discrete points of the T;”) on characters, and outputs are C £ (k=0,1,2,...,10),
corresponding to the list of it alphabet as shown in Fig 10. respectively.

%

RIS T A
a2 Ty >".‘l

79579 B '
et il

T T TR AT R
i o ML A e T 0T LB g
R e e R S B ORI

Fig 10. The example of printed Thai characters of different size, and boundary normalization

Each fuzzy inference rule is represented in the neural network by an input vector, which
specifies the linguistic states of the input variables T;” and an output vector, which defines the

corresponding fuzzy number of the output variable ¢l operation. Fig 11. shows the membership

function for the input variables. These two vectors represent one pair input-output, trained in
network. The full training set consists of all Thai characters. After training, the neural network
responds correctly to each input vector in the training set. For example, each of the input is covered
by a set of univariate basic functions, with their size and position being important factors for
determining the success of this application.
. T .
If the fuzzy system has n input (x,,...,xn) and m output (_y,,...,ym)T, the system is
composed of fuzzy rules in the form:

IF (x, is A Yand...and(x, is A,)THEN(y is B’)

Where Al, k = 1,...n be linguistic variables which represent vague terms such as small, medium or
large defined on the input and B’ be output variables, respectively.
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Fig 11. Fuzzy membership function of T,”

7.The Fuzzy Neural network system for Classification

Fuzzy neural networks to be used here were proposed by Hayashi, Buckly, and Czogala [15].
They are obtained directly fuzzifying the classical feed-forward neural networks with one more
layers. All real numbers that characterize a classical neural network become fuzzy numbers in its
fuzzified counterpart. These are numbers that characterize inputs to the network, output of neurons
at hidden layers and the output layer, and weights at all layers. Consider, for example, all numbers
relevant to a particular output neuron, ONj, of a single-layer feed-forward neural network. If ONy is
a fuzzy neuron, then the inputs Xyo,Xi,-.-,Xkn the weights W, W ,...,W,, and the output Y, of this
neuron are all fuzzy numbers. T

The output of each neuron is defined as
Yi=Sp zonX*’ (5

Where Sp is a sigmoid function. Since symbols W; and X in (6) designate fuzzy members, the
sum

A, =2 WX, 6)

Jj=0
needs to be calculated by fuzzy arithmetic. The output of the neuron,

Y, =S5(4) @)
is then determined by using the extension principle.

Error function E, employed in the Backpropagation learning algorithm in a fuzzy neural
network with 1 output, for each training sample, is
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_Z(Tp Y" ®)

k-l

Where 7, is the desired output and Y/ is the actual output of neuron ONj for training sample

p. Here, again, fuzzy arithmetic is used to calculate E;. Otherwise, E, would become exactly the
same as its counterpart for classical neural network.

The stopping criterion for fuzzy neural networks must also be properly fuzzified. Assume
that 7,7 =Y,/ for all k, which represents a perfect match of the actual outputs with the target

outputs. Then, assuming that the support of 7,7 (and Y} ) is the interval ljfl ,tuJ the support of
E, is included in the interval[-A,A], where

N

1< g
—Z th—tf) ©)
k=l

Choosing some number € > 0 as an acceptable deviation from the value of
E, when Tkp =Y, ,,p for all k, if is reasonable to stop the learning algorithm. Whenever E, is induced
in the interval [-A-g, A+€].

Finally, we need to fuzzy the Backpropagation learning algorithm. One way, proposed by
Hayashietal. {15] , is to replace the real numbers in the standard formulas with their fuzzy
counterparts and apply fuzzy arithmetic to them.

Fuzzy neural network used in this experiment compose of 3 layers and this system can be used _

for classification: the input layers receives the fuzzy input variables T,.p and the output layer has as

many units as there are classes. The input layer has 30 nodes. The output layer has 20 nodes,
- corresponding to 89. prmted characters. The number of node in hidden layer in th:s experiment has
62 nodes.

8. The Experimental Results

A set of test images for examples are used in our experiment as shown in Fig 10. Which

includes normal, slant and different size characters sampled at a resolution of 300 dpi. The output is
simulated using Matlab Version 5.1 on Window95 performed on the Pentium 166 MHz personal
microcomputer. We trained fuzzy neural networks with boundary normalization of the character
images of the fonts CordiaUPC and AngsanaUPC of size 14, 18, 22, 28. The total numbers of test
characters were about 1600 characters.

Sometimes there are some very similar printed Thai Characters that can not be classified, then
we used sub region tcchnique by dividing some regions into two parts using a horizontal dividing
line, and then fed the sub region into boundary normalization and fuzzy neural network again. By
applying this technique, a separation of similar characters were obtained, and increased recognmon
rate of 98.5%. The experimental results on the test data are shown is Table 1, and the comparison of

the recognition rate for boundary normalization and fuzzy neural network with other methods are
shown in Table 2. ‘
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Font Name Size | Number | Recognition Miss-Recognition
(%) (%)
22 100 98 2.00
AngsanaUPC 24 100 98 2.00
26 100 99 1.00
28 100 100 0.00
22 100 97 3.00
JusmineUPC 24 100 98 2.00
26 100 99 1.00
28 100 100 0.00
22 100 97 3.00
EucrosiaUPC 24 100 98 2.00
26- 100 99 1.00
28 100 99 1.00
22 100 97 3.00
KodchingUPC 24 100 98 2.00
26 100 99 - 1.00
28 100 100 0.00
Total 1600 98.5 1.5

Table 2. The comparison of the recognition rate of boundary normalization and fuzzy
neural method with other methods.

Recognition method

Accuracy Rate %

Local Feature 98.3

Matching Model 98.0
Karhunen-Loeve 98.2
Boundary Normalization and Fuzzy 98.5

Neural Network

9. Conclusion

We have proposed a new method that combines boundary normalization (Elliptic Fourier Series)
of characters and fuzzy neural network for the task of Thai printed character recognition. As a
result, we obtained a contour, which is invariant to orientation and dilatation. Fuzzy logic
techniques were used to cluster the data and construct the features, which are not so obvious. Feed
forward neural networks with the back propagation and learning algorithms were used in the
learning and classification of the 89 letters of the Thai alphabet. The recognition rates were high
even for noiseless images of the characters.

SN(P 2000
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Abstract

A recognition system for printed Thai
character is proposed. We employ various
methods ie. Elliptic Fourier descriptors,
Genetic  Algorithms and Back-propagation
Neural Networks to detecting boundary
functions of characters, and attempt to
normalize these functions by orientation and
size variations of the symbols. Here, Genetic
Algorithms and Neural Networks used to
model] the leaming between the variables of
boundary normalization of the characters.
Finally, use of feed forward neural network to
learn a2 boundary normalizes functions. A
genetic algorithm is used to adjust the weights
of the network interconnection. The
experimental result shows the recognition rate
are high though only a limited number of
features have been involved. The result of this
approach 'indicates that the systems can
successfully recognized 3,204 Thai characters
with 94% accuracy.

1. Introduction

Many researches for transforming
characters images to text in Thai language
have been studied for many years. The
researchers have attempted to propose several
methods to implement in computers and then
apply them in various areas. The details of
these approaches are illustrated in {1-9].
Although the accuracy rate of the exist systems
are accepted, but they have limitations on size
and orientation variations. Qur approach
describes the integration methods among
elliptic Fourier descriptors,
algorithm neural networks. Two issues may
arise in discussion with the shape of character
that are orientation or slant and size variation,
which this problem can be solved by finding
the boundary function of the characters. The
principle in this research is based on the

and genetic
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method developed by Kuhl and Gardina [4]).
We continually employ a contour function to
describe the essential features of character and
then feed these values into the back
propagation neural network, for training and
recognition, A typical character recognition
system consists of the following three stages as
shown is Fig 1. ’

The preprocessing stage, involves noise
removal, smoothing border of character, image
segmentation, and contour following
respectively.

In the second stage, the Thai character
was classified into 4 rough classes using the
number of inner contours. Then, normalize the
boundary with respect to initial orientation and
size varjations. After norrhaliZation the
Boundary function of characters are trained by
the genetic neural network for classify the
character from the each rough class.

In the testing stage, testing data is fed
through the preprocessing stages and
normalizes the orientation and size variation of
the character boundary. Finally, the normalize
boundary of character activate to the trained
neural network ’

The paper is organized as follows:
Section 2-4 briefly reviews the segmentation,
elliptic Fourier descriptors, and Boundary
normalization procedure. The construction of a
Thai word as shown in Fig 2. The elliptic
Fourier descriptors use initialize the boundary
of the character. The features of boundary
function are extracted and feed to genetic
neural system. In section 5-6, we show the
application of this algorithm in our work. The
application of using the genetic neural
networks is described in section S.

2. Segmentation

The Thai characters consist 42
consonants, 17 vowels, 5 voice tones, 10 Thai

GLI-03
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Training data

Rough Classification

Testing data

+ QOuter + Contour +

Noise removal Boundary and scaling Preprocessing
+ Normalization +
Smoothing + Rough classification
Genetic neural network
v »> ) ic neura’ nerwor Outer ¥ Contour
Segmentation + Boundary and scaling
Contour following + .
Testing state
. Result
Preprocessing stage

Recognition state

.

Fig 1. Flowchart of the recognition system.

numerals and 10 Arabic numbers. A Thai
language sentence is composed of consonants,
vowels and voice tones on different levels.
Because the construction of a Thai word, as
shown in Fig.2, is different from and 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. 2 is as follow:

HEI AU
U ﬂL’J"dEJ

o

-——

X

—— 3

—al |

—— .1&* L4

Fig. 2 A method of segmentation

(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 horizontal 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
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necessary to scan to find the space once more
in.a horizontal direction along the pattern.

The procedure (ii) is very difficult to use
with a pattern such as that in Fig 3, as scanning
cannot be horizontal 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 data to find 0'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 patterns.

¥ o
= 2 =K

Fig. 3 Special case of pattern in which
procedure (ii) is very difficult to use.

3. Elliptic Fourier descriptors

Kuhl and Gradina [4] extracts the Fourier
coefficients and from the contour functions
x(N) and y(/) ineq.(1) and eq.(2)



()= A4, + i (a, cos 2';‘”, + b, sin

y([)=Cy + 5: (c, ¢bs

2nxl
L
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Where [ is the arc length computed from
some origin on the contour,

L is the total length of the outer character
contour,

a,, by, €, d, are the Fourier coefficients.

The phase angle ¥, are obtained from
a,, by, ¢, and d, as in eq(3).
Lo o[ _2(ab +eid))
u= gt {al’+b,’-cl’-—d,’ @)

To derive a set of descriptors that are
invariant with respect to starting point and
rotation, the * rotation angle between the
positive x-axis and the major axis of the first
harmonic ellipse is calculated (4):

2

5 = tan"(-‘l‘-) _ tan"(— b, sing, +d, cos ¢, )

a, cos @, +¢, sin @,

0<¢,<2m (4)
4. Boundary Normalization
Procedure

In this work, we use ¢pand ,, . (0,L)
2=
in order to normalize the contour itself, We

rotate the contour by usingd and shift the
resulting X,(I)and y (1) functions by using

Al. We call x,(D)and y,(I)as the

resulting boundary functions of normalization
to rotation and the shift, respectively.

For characters of different size, the
parameter and dynamic ranges of the boundary
function are different. To normalize with
respect to size variations, the boundary
function is performed by scaling and
resembling  x,(l) to. x(t), where
t=0,1,...,T-], and T is a parameter chosen by
user, and X(t) €[0,1].

The same procedure is performed on
y ., (1). The choice of T depends on the images

of the characters that are recognized. If T is
chosen too small, some characteristics of the

) ()

+d, sin -—L—) (2)
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boundary may be lost. If it is chosen too big,
for example bigger than the parameter L, the
erors due to the digitalization will be

CQDNNH

x(1)

| [6))

025 50 75 leb 125 156 175 200 25250

Fig 4. Characters of different orientations

and corresponding x(/) function.

Fig 4. shows several characters of identical
sizes but with different orientation, and shows
the plots of the corresponding functions x(i)
versus I(i).

(%)

o8

)

Fig 5. Normalized function ;(t),T = 64, for
characters from Fig. 4

Fig 5. Illustrates the result of the
normalization algorithm of characters from
Fig 4.

In the case of different size of characters
as in Fig 6(a), the function x(1) is shown in Fig
6(b), and X(t)for characters with different
widths or heights is shown in Fig 6(c). Fig 6 is
interesting because it shows that the resulting

boundary functions are not only invariant to
uniform dilatation, but also directional



resizing. This advantage is - valuable for

recognizing printed characters with different
fonts.

ﬂf‘)ﬂﬂ

x(1)

1A

WY A

\\ '\:- l‘,‘f(\\ .
’} AANV/A
7 \.\Qﬁﬂ\fl\'{& \
/A i \\\ A

W2
»

N TR TR R T Zm 1D

®)

(1)
o A
ot :/,'/ \'\\
a7 .y-;f"
04 .
o4 i
[ 2]
[-3)
'}
ot

N 1" » T

(c)
Fig 6 The example of printed Thai
characters of different size, and boundary
normalization where T = 64

5. Genetic Neural Network Training

In this paper, genetic algorithms have been
used to search the weight space of the multi
layer feed forward into neural network without
the use of any gradient information [10]. The
existing GA and NN have been combined to
form the new hybrid system. The system
model is shown in Fig 7.

The basic concept of this technique is as
follows. A complete set of weights in coded in
real number string, which has an associated
“fitness” indicating its effectiveness. For
example, the fitness can be simply given by E.
where E is the value.of the cost function for
that set of weights. Starting with a random
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population of such strings, successive
generations are constructed using genetic
operators to construct new strings out of old
ones such that fitter strings (weights) are more
likely to survive and to participate in crossover
operations. The crossover operation can in
principle bring together good building blocks
such as hidden units that compute certain
logical function found by chance in different
members of the population. Unlike the
backpropagation learning rule, GAs performs a
global search and are thus not easily fooled by
a local minimum. Furthermore, since the
fitness function does not have to be
differentiable, we can, for example, start with
threshold units in Boolean problems instead of
having to use sigmoid that are later trained to
saturation. However, for neural networks with
continuous activation functions, it is an
appropriate compromise to hybridize GAs with
gradient methods such as the back-propagation
algorithm. An initial genetic search followed
by a gradient method or gradient-descent step
can be included as one of the genetic operators.
The example of encoding a network on a
chromosome, is shown in Fig 8. In Fig 8., the
weights and biased, the hidden and output
node values of a neural network are encoded in
order as a list. The interaction between NN and
GA is ‘performed by message passing. Both
NN and GA instances are created at the
beginning of the optimization procedure and
last until the end. The GA makes call to NN
and passed messages to the fitness function.

GA-NN Uninitialized GA and Network request

parzmeters/ iniu'zlLe GA and network

r Untrained Network ]
do: read patiems

l Initialized GA |
‘ do: compute weighui

Start * test patiem presented / retrieve
association

do: Call GA to compute weights
do: compute threshold

\cﬂculadu\ complete
‘ Trained Network "

Fig 7. The GA-NN

In the experiment, the neural networks
arc operated in two modes: training, and
testing. In the training mode, a sct of training
data is used to adjust the weights of the



network interconnection. The training neural
networks are determined by these weights. In
testing mode, the trained neural network is
activated by the testing data.

oNodaa(i=1,23,...,0)

Weight | {Weight 2 Bin Weight 1 Bin
Chromasome | Node | Node 1 Nodei | |/ {Noden Noden
I\ A\
Parameters for Node Parameten for Node 3

.Fig 8. Encoding a network on a chromosome.

Genetic neural network used in this
experiment compose of 3 layers and this
system can be used for classification: the input
layers receives the boundary moralized input
variables T}” (i = 2,4,...,64) and the output
layer has as many units as there are classed.
The input layer has 32 nodes. The output layer
has 8 nodes, corresponding to printed
characters in each class. The number of node

in hidden layer in this experiment has 20,
nodes.

6. The Experimental Results

A set of test images for examples are used
in our experiment as shown in Fig 9. Which
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characters sampled at a resolution of 300 dpi.
The output is simulated using Matlab Version
5.1 on Window95 performed on the Pentium
166 MHz personal microcomputer. We trained
genetic neural networks with boundary
normalization of the character images of the
fonts  AngsanaUPC,  CordiaUPC  and
EucrosiaUPC of size 14, 18, 22, 28. The total
numbers of training character set were about
1,068 characters.

Sometimes there are some very similar
printed Thai characters that can not be
classified, then we used sub-region technique
by dividing some region into two parts using a
horizontal dividing line, and then fed the sub
region into boundary normalization and
genetic neural network again. By applying this
technique, the separation of similar characters
were obtained, and increased recognition rate
of 98.25% for training set data. The
experimental results on the test data are shown
is Table 1, and the comparison of the
recognition rate for boundary normalization
and genetic neural network with other methods
are shown in Table 2.

)

o I3 \" ,//‘ {.x; \4‘

. VAV AN A TN
nf ﬂ o o~ /' X i \"3 o
R B oA \\
uetl gl ol A \_f it _?’ }

b{0)]

Fig.9 The example of printed Thai
characters of different size, and

includes normal, slant and different size boundary normalization.
Table 1. Recognition results
Font Name Size Training set Test set
‘ No. of char. Recognition(%) No. of char. Recognition(%)
14 89 98 267 92
AngsanaUPC 18 89 99 267 93
22 89 99 267 94
28 89 99 267 97
14 89 97 267 92
CordiaUPC 18 89 97 267 93
22 89 98 267 95
28 89 99 267 97
14 89 97 267 92
EucrosiaUPC 18 89 98 267 93
22 89 99 267 94
28 89 99 267 96
Total 1,068 98.25 3.204 94

410
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Table 2. The comparison of the recognition rate of elliptic Fourier descriptors and genetic neural

method with other methods.
Recognition method Accuracy Rate %
Local Feature 88.9
Matching Mode!' 98.0
Karhunen-Loeve’ 98.2
Elliptic Fourier Descriptors and Genetic NN 94.0

7. Conclusion

We have proposed a new method that
combines boundary normalization (shift the
starting point by Elliptic Fourier Series) of
characters and genetic neural network for the
task of Thai printed character recognition. As a
result, we obtained a contour, which is
invariant to orientation and dilatation. Genetic
algorithms were used to search the weight
space of the neural network. The feed forward
neural networks with the back propagation and
learning algorithms were used in the leaming
and classification of the 89 letters of the Thai
alphabet. The recognition rates were high even
for noiseless images of the characters.
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ABSTRACT

This paper presents & method to solve the problems of
translation, rotation, and scale in invariant recognition of
Thai characters. The first step of the method (coarse
classification) takes into account the invariant properties of
the normalized ring projection values. The ring projection is
obtained using the total number of foreground pixels as
distribution along circular rings. These have a radius
dependent on a centroid of the shape, but independent of
the shape’s position, orientation, and scale. After obtaining
a ring projection, we get data sets to set up the object’s
attributes. The rough sets receive the appropriate attributes
of each object, and generate the decision-making rules for
coarse classification. In the second step (fine classification),

we use the same method as in the first step to classify

similar characters in the same class. We apply the two-stage
classification method to the Thai character recognition
system. The proposed method in this research can solve the
problem of invariant characters and the defect of the heads
of Thai characters. The experimental results show the
usefulness of the proposed method.

Keywords: Character Recognition, Ring Projection, Rough
Sets, Invariant Recognition

1. INTRODUCTION

The rough set and its application have become the fastest
growing research area in recent years. Advanced research
and development in rough sets has found numerous
applications, such as in data mining, image processing, and
hybridization with fuzzy sets or genetic algorithms. During
this fast growth the rough set development of invariant
character recognition has lagged behind compared to the
other areas. An increasing number of research groups have
proposed a variety of invariant character recognition
methods. Among them, we can find boundary-based
analysis via Fourer descriptors [1,2], wavelet
transformation [3), neural gpetwork models [4), and
invariant moment [5). However, most of these methods are
not new disciplines or too computationally intensive.

In this contribution, we attempt to apply the rough set to
the invariant character recognition that achieved excellent
invariance under translation, rotation, and scaling. The

application of rough set theory to invariant Thai character 66

recognition is a new development. There had been an
attempt to apply other techniques to Thai character
recoguition [9-12] but this cannot be used for the invariant
problem. The recognition method has two steps: coarse
classification and fine classification. The first step takes
into account the ring projection vectors and applies the
rough sets 1o create the rules base for classification. The
second step is done by the fine classifier into recognized
characters. This step has been made to use the same
concept of rough sets, as in the first step, to classify the
characters in each coarse class.

In order 1o apply the rough set to this paper, we must
find the appropriate attributes for each object or pattern in
this instance. We use the ring projection vectors and the
rough rule bases for coarse grouping. The 2 level
classification is used to classify the characters in each

coarse class. The recognition procedure will be illustrated
in next section.

2. FEATURE EXTRACTION

In this paper, we use an invariant projection method to
extract features from the Thai characters. Ring projection
[3) is defined as the total member of foreground pixels
whose distances (or radii) to the centroid of character
pattern are r; as shown in Fig .I. All ring projections in 2
character pattern constitute a ring projection vector that is
invariant to rotation. We can derive the centroid of the
character, as denoted by m (X, ,yo) and, subsequently,

translate the origin of our reference frame to this centroid.
Next, we let

Renax = max|N(xy) . m(xo .yo) | (M

where [N(xy) - m(xo yo)| represemt the Euclidean
distance between two points, N and m on the plane.
Further, we transform the original reference Cartesian
frame into a polar frame based on the following relations.

X=afgos 0

(2)
yatsin 9



The nonmualized mamber
of ring projections

10

Fig. 1. An llustration of the ring projection for the Thai
character “f "rotated 30°

Hence

P(x.y) = P(rcosh, rcosd)

where r g [0, w], 6 £ [0,2x]. For any fixed r e [0, R.,.],
we then compute the following integral: '

fxy)= [3* p(rcos 0),rsin 6)dg ®

The resulting f{xy) is equal to the total mass as
distribution along circular rings, as shown in Fig. 1. From
& concept of ring projection as mentioned above, the ring
projection is calculated by

ring projection (T) = {0, 0) + T(x,y),
=1
ring projection (1) = X(x,y), if2<1sL
I=r

ring projection (L) = X(x,y),
- L=r

wherer-int(,/x1+yl).L=R,.,isthelargest
fadius, 1= 12,3, L isthe ring number, and int ( ) means
taking the integer part from a real number. We use these
* values to set up the object attributes as the sets, and to
obtain the decision rules for classification by the rough set
a3 the detail in section IV.

3. ROUGH SETS

Rough set theory [6-8] is a mathematical tool using the
basic concepts of logic in traditional set theory. The idea
of the rough set consists of the lower and upper
approximation of this set as shown Fig. 2. These
approximations are interior, and closure operations in a
certain topology. They are generated by available data
about the elements of the set. In other words, the rough
Set approach is based on the ability to classify data
obtained from observation and from measurements.

3.1 Information Systems
An information system can be expressed as a pair S =
(U. A). Where U is nonempty, finite set of objects known

as the universe, and A is a finite of attributes. For every 67
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— Boundary ofSetX

IR Lower approximation of X

Zzx] Difference of upper and
! lower approximate of X

Fig 2. Rough approximation,

theiredmnsetofhsvaluesknownutdomninof‘a,
‘denoted a3 V,. For every attribute a & A (a belongs to A),

there exists a function u : U < V,, which assigns a unique
attribute value from V, to every object x 8 U. Now

consider subsets of attributes B < A, where B uniquely
defines equivalence relations

IND(B) = {(x,y) e U*: a (x) = a (y)
for every a ¢ B)) 1)

The family of all equivalence classes of the equivalence .
relation IND (B) is denoted U/IND(B). With every Xg U,
and B ¢ A we associate two sets defined as follows:

BX=U{YeUIND®B): Y c X} ()

is the lower approximation or positive region of X, and

BX =U {YeUND(B): YAX$) )

is the upper approximation or possible region of X.
A set BNg (x) = BX - BX will be called B-boundary
of X,
If X < Uis given by a predicate P and x & U, then
3.1l xe _BX means that x certainl)_' has property P,

3.12xe Bx means that x possible has property P,

3.13.x¢ U\EX means that x definitely does not have
property P.

The area of uncertainly extends over EX\BX. and the
area of certainty is B XU - Bx, respectively.

3.2 Rough Membership Function

The rough membership function quantifies the degree of
relation ovérlap between the set X and the equivalence
(xp] class to which x belongs. It is defined as follows:

s, 0 =|[X],th )]
Bx :U = [01] and p3(x) NN

where S = (U, B, V, f) is an information system and ¢ = X
cl.



3.3 Core and Reduction of Attributes

The set of attributes in the information system describes
objects in the system. We use the set of attributes to
classify the objects into classes that are determined by
anywhere from one to several attributes. Sometimes it
happens that the set of arttributes provides more
information about objects that is needed to distinguish
them. In such a situation some of the attributes may be
reduced without loosing the ability to group the objects.

So we can say that attributes @ € B is superfluous in B,
if IND(B - {a}) = IND( B ), otherwise it is indispensable.

If all attributes @ € B are indispensable in B. So the set
of all indispensable attributes in B will be called the core
of B, and will be denote CORE( B ). The core is a set of
attribute such that the removal of a single attribute
impacts on the original ability to dxstmgu:sh the objects.
The core of attributes is the intersection of all reductions.

3.4 Decision Rules ‘

We can be obtained the decision rules from an
information system or a reduction of condition attributes.
Some condition values may be unnecessary in the decision
rules, so we can remove them from the rules or change
them into don't care values. The process of conditional
values removed is called values reduction,

4. SET UP OF OBJECT ATTRIBUTES

To apply the rough sets to the character recognition

process, we have to set up the object’s attributes from the

ring projection vectors. In this paper we get data from the
point that r = 123, .50 (total of 50 values) for
attributed a,, 83, a,,..., a5y respectively, So, we have 50
attributes for each character at this stage.

5. CLASSIFICATION USING ROUGH SETS

We propose a two-stage pattern classification method
based on the rough ring projection. The rough ring
projection values are compqted from the set of invariant
Thai characters. Fig. 3 shows the procedure of our
proposed two-stage classification method.

5.1 The Coarse Classification

From all sets of attributes using the same characters, we
find the maximum value of attributes ay, a,, a;,..., as and
also to find the minimum value of the attributes, We use
these sets of maximum and minimum values of attributes
as the boundaries for the course groups of those
characters are shown in Fig. 4. There are some characters
that can not be completely separated, using these sets of
conditional attributes, so we must combine them together
into & same class. From grouping, we have 27 course
invariant character groups. In the decision rules, the
answer i3 considered from the matching of the number
attributes which are on the boundaries of an attributes set.
After the first step classification, the groups have only one
member. This classification is the final recognition. Most
of the results in the first step are not good enough for the
aim of clustering because this cannot separate the some
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character in each coarse class. It is necessary to separqe
these characters by the ;™ level classification.

5.2 The Fine Classification

In the second step we must classify characters in the
same class, We still use the same method as in section §.1,
instead of applying the projection to an explicit ring arey
of similar characters in the same class as shown in Fig, §.

Coarse
Classification| .

2D Patlem
images

[~ Ring Projection}—aRongh Sets

Fine

Thai Character — Classification

Thai Character

Fig. 3. Diagram of the two-stage classification method.

The normalized mumber
of' ring pro)ectmm

1.0-4 2

Fig, 4.. The attribute boundaries of course group 1

"0

which compose the Thai characters
and N" respectively.

The normalized ynrber
of ring projections

Explicit ring area
Tha normali=ad muvber
of nrg projactions

nng mben

Fig. §

. Explicit rings of ring projections
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6. EXPERIMENTAL STUDY AND RESULTS Table 1. Recognition results.

In our experiments the learning sets consist of 19,936 Training sets Testsets
training characters (four fonts, four sizes in each font, and FontName | Size | Recognition mte R“fg"j?:’"
14 different orientations in each size). The largest m I%;?O m;;;'
characters have 28x28 pixels. The smallest characters have 18 100.0 94.4
14x14 pixels. The decision rules can be obtained directly AsganaUPC | 0 100.0 9.6
from & set of attributes, and consist of fifty condition 23 100.0 93.9
attributes based on the total pixel distribution in a ring 1 100 g;';
projection of each character. We use 27 rules to classify CordiaUPC ;_3,_ 1188:0 95.5
the unknowns into course groups and use the 2™ 28 100.0 9.8
clagsification to classify the similar characters in the 14 100.0 94.4
second step. The unknowns used in the experiment are Eucrosiape | 18 100.0 93.3
14,952 Thai characters tested with 3 fonts that have 4 2 o a0
different sizes, and 14 rotations for each size. y T ——— 1000 557

The results obtained are shown in Table 1. From the
m‘: edw;iﬂ?&o?:bsmxr:nc:n cc*;a::;‘"m; 9;’:’9“:::;';2‘: Table 2. The comparison of the recognition rate c:lf
between 28x28 and 2222 pixels, The performance of the rough ring projection with other methods.
model decreases slightly for smaller characters. Fig. 6 Recomnition metbods Accuracy rate (%)
shows the example rotated image of letters “N1 *, and « 9 Matching Modet * 98.0
in the character data set of experiment. Karhunen-Loeve © 982

The comparison of the recognition rate of rough ring P ey
projection method with the other methods is shown in Elliptic FD ad GNN (jovariant) " L Mo
Table 2. From the results in Table 2, the recognition rate Rough ring projection (invariant) 95.7

of the matching method, and Karhunen-Loeve method is
very high, but they cannot to solve the invariant character
problem. The elliptic Fourier descriptors and genetic
neural networks, and rough ring projection use to solve
the invariant character problem. The fecognition rate of
rough ring projection was slightly greater than that in the
case of using the elliptic Fourier descriptors and genetic
neural networks.

The noise tolerance and sensitivity of ring projection
are studies experimentally. The random noises are
generated by changing the value of pixels in the image in a
uniform random manner as shown in Fig. 7. Noisy images Fig. 6. The example of testing images of Thai
are recognized correctly by our method as well. characters “ ™ and “ V",
Furthermore, if the head of characters were defect (such "
as broken head or solid head), this particular method of
analysis can be used. The defect head is an important
problem of Thai character recognition. The method in
references (1, 11, 12] can not be use in situations with
defect head. Fig. 8 shosws the Thai characters that have the

defect head or solid head.
7. CONCLUSION Fig. 7. A noisy image of Thai character “ 1",
In this experiment, we use the set of attributes to Solid head

generate the decision rules about the characters on the

!
basis of training examples. A rough rule bases system is
used to classify the characters into coarse classes. The 2™ ’
classification is used to classify the characters in each & "
\\ \ /

coarse class from the other. A new development method
is used to recognize the character invariance to size,
translation, and rotation respectively. This method takes
the advantage of properties of ring projection, and the
rough rule bases.”We evaluate the system accuracy with
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Defecthead

Fig. 8 The example of the defect head or solid head cf
Thai characters.



the Thai characters that have different fonts, different
sizes, different orientations, and including some no:se
added randomly or a defect head of character. When
testing the system with training samples, it results in 100
% accuracy. '

The results when applied the system to the unknown
characters show an average recognition rate of 95.7 %
accuracy. This correspondence shows that the rough sets
can be applied to invariant Thai character recognition with
good results.
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HANDWRITTEN THAI CHARACTER RECOGNITION USING
FOURIER DESCRIPTORS AND GENETIC NEURAL
NETWORKS

PISIT PHOKHARATKUL ! AND CHOM KIMPAN !
Department of Computer Bngineering, Facully of Engineering,
Research Center for Communications and Information Technology,
King Mongkut’s Institute of Technology Ladkrabang, Bangkok, Thailand.

This paper presents a method to solve the rolated and scaling character recognition problem
using Fourier descriptors and genetic neural networks. The contours of character image are ex-
tracted, and separated botween tho outer contour ahd inner or loop contours. The loop contours
are a special characteristic of Thai characters: called the head of the character. The special features
of Thai characters (loop contours) are used in the rough classification stage, and Fourier descrip-
tors with genetic neural networks are used in the fine classification stage. The Fourier descriptors
detect the outer contour of a character and it is fed to network. These features are recognized by
a multilayer neural! network. Genetic algorithins (GAs) are utilized to help compute the weights
of the neural network optimally and reduce uncertain states in the neural networks output. Ex-
peritental results have shown that the combination of the Fourier descriptors with genetic neural
networks, loop features and local curvature charateristics of similar characters are powerful tools in
successfully classifying Thai characters. The recognition rate by this method is 99.12% for 1,200
examples of handwritten Thai words (a total of 13,500 characters) written by 60 persons.

Key words: character recognition, Fourier descriptors, genetic neural networks, contour invari-
ant, consavity, convexity.

1. INTRODUCTION .

In research of the topic of Thai character recognition in the past seventeen years, many
approaches have been tried to make computers recognize the characters. The preliminary
stage of this field, which concerns the use of the matching method was described by Kim-
pan, Itoh, and Kawanishi (1983). Subsequently, the topological properties (Kimpan 1986)
are used to improve recognition accuracy. In 1987, the same author proposed the recog-
nition method of printed Thai charaters using the Karhunen-Loéve expansion (Kimpan et
al. 1987). Hiranvanichakorn, Agui and Nakajima (1985) used local features of Thai charac-
ters, such as convexity and-concavity of stroke in their recognition system. Aipaiboon et at.
(1989, 1996) used the heads of Thai characters to recognize the handwritten Thai characters.
Phokharatkul and Kimpan (1998) used the cavity features of each character based on neu-
ral networks for solving the problem in the recognition by considering the head of the Thai
characters. Although, the recognition rates of these methods were satisfactory, they have
the rotated problem (except for the local features method which does not have the rotated
character problem: it has low accuracy rate).

Handwritten character recognition is a difficult problem due to the great variations of
writing styles, and the different size and orientation angle of the characters. In this reserch
proposes a method of recognition of Thai characters using the Fourier descriptors and genetic
neural networks for solving the problem of rotated and scaling character recognition. Persoon
and Fu (1977), Mahmoud (1994), Jeong (1999) used the Fourier descriptors for solving the

1Address correspondence to the authors at the Research Center for Cotninunications and Informe-
tion Technology, King Mongkut’s Institue of technology Ladkrabang, Bangkok, 10520, Thailand., Email:
egpph@mahidol.ac.th, kkchom@kmitl.ac.th, chom@cpe.rsu.ac.th

©  Computational Intelligence
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problem: of retated characters, but this cannot be used for the scaling problem. The Fourier
descriptior can also be used for detection of boundary features from a character image. The
boundary representation is essential in shape description, and recognition. The high quality
boundary shape boundary representations obtained using the low frequency coefficients are
the ones of greatest interest. The boundary information Fourier descriptors are classified by
genetic neural networks. The motivation of embedding genetic algorithms in the proposed
hybrids has two goals:

e The network learning stagnation can be avoided.
o Uncertain states in the neural network outputs can be reduced.

The recognition procedure will be illustrated in the following section.

2. THAI CHARACTERS AND WORDS

Thai characters consist of 42 consonants. 18 vowels, 4 controled voice tones, and 3
special symbols as shown in Figure 1. As a result, 87 fundamental characters (including Thai
numerals and Arabic numerals) are obtained.

The structure of most Thai characters consists of small loops (heads of character) com-
bined with curves and lines. The heads appear in various locations of each character.” By
counting the number of Thai characters, we can categorize three groups of Thai characters.

No-head characters: eg. “n”, “@m”, “1”.
One-head characters: eg. “a”, “A”, “23" “a”,
Two-headed characters: eg. “u”, “u”, “a”, “n”.

Writing a Thai cheracter always starts with a head (if the charactér has a head or loop)
followed by the other component. Most Thai characters consist of only one stroke, except
“ﬁ”‘ “ﬂ”, and “+”.

NUANIIRTEAY I HINalaua
aonsuuldwdudnuesasas

THNNDF
consonants
oy oA R A -] a &
£ Cosul1lgq
vowels
-4
1 Y Y 4 G‘"I g
" controled voice tones special letters

FIGURE 1.  Thai character set consists of 42 consonants, 18 vowels, 4 controled voice tones,
and 3 special letters.

A Thai language sentence, such as that in Figure 2, is composed of consonants, vowels,and

¥ tonal symbols on different levels. The vertical level can be divided into four parts as shown
in Figure 3. )

" hir general, a Thai word is noncursive in writing (printing). This mean that there is no

connected part between two consecutive characters in a word. This suggests easy segmen-

v
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v a

' ¥ 9 1.
AR Iasamssansdiindtensaemsuas

b4

] Y
ma Tu Tatensauma lgnenatudot w.a. 2540

FIGURE 2.  Example of Thai language sentence. Translation: Since research center for com-
munications and information technology has been in B.E. 2540.

Tone of voice
Upper vowel

Consonent and middle vowel | X
Lower vows!

H
||
L4
®
£)

FIGURE 3.  Composition of Thai character word or sentence. The Thai language sentences
are composed of consonants, vowels and controlled voice tones, on different levels.

tation of each character from a word. Unfortunately, the Thai word has a complicated line
level structuring, as shown in Figure 2. Overlapping of characters will accur when a word
consists of consonants, vowels, and tonal symbols, as shown in Figure 2. From Figure 2, the
vowel * «" overlaps with both consonants: eg. “u” and “u”, “»” and “2”, “®” and “@,
“u” and “ﬂ”’ “q’” and “U”.

Tonal symbols are located on the tonal line level. However, when a word has no upper
vowel characters, the location of tonal symbols will be shifted down to the position of the
upper vowel line level.

The difficulty of Thai character recognition is the problem of similar characters. The
characters “n,m”, “an" “aneu” “aaa", “‘aa” and “a,0" are examples of similar
characters. The differences are the stroke of head, and the fork point of the characters,
which lead to the problem of recognition, this will be briefly described in the SPECIAL
TECHNIQUES section.

3. THAI CHARACTER RECOGNITION SYSTEM

A typical character recognition system consists of the following three stages as shown in
Figure 4. '

The preprocessing stage involves noise removal, smoothing borders of character, stroke
thickness normalization, skew correction, slant normalization, character image segmentation,
and contour-following respectively.

In the second stage, the Thai character was classified into three rough classes using the
number of inner contours. Then, the Fourier coefficients of the outer contour are computed
using Fourier descriptors and trained by the genetic neural networks.
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4
L Trainiog dota | [(Rough dassification ] Tetmedn ] .
Noi oval Outer | contour ’

L Noermord | g — [ Preprocensing |
r—m-——' | Fourier description | T
Sk 12 Pourier | coefficients [ Rough classification ]
l Skcwco%nclion 1 ¥ IGme:icnuI'llmoda,'% Outer [comtour

k3 ; <
rSlutnom:liul:im ] [ Tesbgmition | Fouter deseription |
£ - ] . le,l [ 12F i

> ¥ ourier coefficients
[Certourtoliowing__] L s | ]

Preprocemsing Stage Recognition Btage Testing Stage

FiGURE 4.  Flowchart of the recognition system.

In the testing stage, testing data is fed through the preprocessing stage and contours of
the character are extracted. Then, we classify the characters using the inner contour and
compute the Fourier coefficient of the outer contour. Finally, the twelve Fourier coefficients
activate the trained neural network.

4. CONTOUR INVARIANT IN DIGITAL IMAGES

. We will describe the property of invariance to digital images (XIA 1995). Discussing the
contour invariant provides an universal theory for 2D digital images which is completely inde-
pendent of neighborhood used. The basic definition on discrete geometry is defined as follows.

Definition 4.1: Let P;,.; , P, and P;4; be three consecutive contour pixels and sepa-
rate its 7 -neighbors into object side and background side. Let £P;_1 PP be the interior
angle (in objects.side) at P;. Local curvature at P; LC(FP;) represents the complementary
angle of ZP;_ P;P;4+ as shown in Figure 5. Note that X pixels are interior points.

The value of local curvature LC(P;) > 0 if £P;_1P;Pi4 is convex (Figure 5 (a)) or
LC(P;) < 0 when £P;_; P;P;, is concave (Figure 5 (b)). As local curvature in Figure 6 is
an example of different local curvature in 8-neighbors. By the definition of contour, LC may
have discrete values {-2, -1, 0, 1, 2, 3, 4}. In the Figure 6, X pixels designate object/contour
pixels, a circle pixel stands for the current edge points, and the numeric in center represents
LC at these points.

Py
i1 ] Y1 ]ee

+ x
S Fen S e

(a) (b)

FIGURE 5. Local curvature in 8 - neighbors.
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FIGURE 6.  Configuration of different local curvatures.

XIXIX

XX
XX

FIGURE 7. Component with distinguished outer and inner contours.- The contour codes 0, 1,
2, 3, 4, a, and b are coded by the definition of contour invariant.

Definition 4.2: Tota! curvature T’C(8C) is the sum of local curvature LC on a contour
8C and denoted by Y-, LC(Pi|P; € 8C).

Corollary 4.3: In -&igital images, TC(8Ct) = =TC(8C~) = N, where N equals 8 for rect-
angular tessellation and 6 for hexagonal tessellation.

In this research, digital boundary tracing of characters is made and the traced boundary
is coded by the definition of contour invariant. The definition of the contour invariant is
used to obtain the local curvature codes of each Thai character. The definition of contour
invariant is independent of contour-tracing orientation. Figure 7 illustrates the resulting
images in which a and b represent local curvature values -1 and -2 on contour pixels. The
local curvature of contour invariant is used for smoothing and to compute the concavity and
convexity of boundary in the next section respectively.
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5. PREPROCESSING

5.1. Isolated Points Removal

Isolated points (Figure 8) in a binary image are most probably caused by noise, so any

..~ 3x3 mask to apply to any image is one that would remove such points. A mask is passed over

the image to decide whether pixels should be removed or added. A black pixel is removed
wherrthe sum of all eight neighbors have to be 0. Similarity a white pixel is removed (that
is a black pixel is added) when it matches with a mask in Figure 8(b). Note that X pixels
are black points and 0 pixels are white points.

0J0]0 21X 2
oX0 7&
0l0]|0 ? X 2

(a) Isolated black pixel. (b) Isolated white pixel.

FIGURE 8. A 3x3 mask for the removal of isolated pixel. In the mask, the letter ‘0’ stands
for a white or background pixel, ‘X’ stands for a black or foreground pixel and ‘?’ can take either
value black or white.

5.2. local Smoothiﬂg of Character Image Borders

In some cases, we might want to remove or add one or two pixels to the character image
borders. The algoritbm that smoothes the border of characters performs two operations:
removing and filling. Removing is performed when the border is locally convex. It clears
some border pixels in order to remove the local convexity. Filling copes with local convexity.
In Figure 9 (a), we wish to remove and add the consecutive pixels that are circled. The
smoothing operations on the border of a character image are performed by applying the
contour-following algorithm (Richard and Peter 1973) and the contour invariant of character
images traces the external boundary points. We use the invariant codes of the image to detect
local curvature noise: such as convex (01610, and 01aal0 codes) and concave (0a2a0, 0alla0
codes) in the character image borders. Local curvature noise is removed or added when it
matches one of the situations described in Figure 10. Thus, we define a simple smoothing
operation, to remove or add one or two pixels to external boundary contours of character
image, using the contour invariant codes.

5.3. Stréke Thickness Normalization

Stroke thickness normalization is computed as defined in (Schiirmann 1992). First, it
is assumed that each character is written with a fixed stroke width, or the stroke width is
the same thro{xghout'f«the entire image. Second, we assume that each character shape can be
modeled as a line with length { and width w. Then the number of black pixels P is equal to
| x w and the circumference C of the shape is equal to 2 ({ + w). From the preprocessing
stage, the values of P and C are already known for all connected components. Solving these
equations, the stroke width, w, of the character model can be readily determined.
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(a) ®)

FIGURE 9.  (a) Original image. (b) Smoothed image.

--E/E\EE-. ----IIIEE EE!% Eaﬁaaaa

901ib106e——00000000 001--100—000000005
mmy  EWENREREE T L L] REENERER
RREEESSE mummmwmmm =~ SLRRES
A JERER  ERRmeRR
00 a2a00——00000000 002a11a00——00:000000
{a) ) O] )]

FIGURE 10. (a) and (c) original, (b) and (d) smoothed.

5.4. Skew Correction for Handwritten Thai Character Recognition

Skew correction is one of the most essential preprocessing steps in character recognition.
The base line of a handwritten document is irregular and varies. Depending on the writer, it
is difficult to find the base line. The problem that we consider in this sgction is how to know
z-y coordinate information. We use these coordinates to rotate the handwritten document
image to its correct angle. The skew correction procedure has two stages as follows.

Finding the lowest pizel in each character.. The Thai word is noncursive in writing or
there is no connected part between two consecutive characters in a word, as shown in Figure
2. From Figure 11, the characters 4, L, and N have the lowest location of pixels at positions
a, b, and c respectively. Then, we can find angle 8, and 63, and use them to compute the
_ ¥ mean skew correction angle (8; + 62)/2.

lowest location
pixel of character U | )
Y ———— y-axis
a

lowest location ©
pixel of character | 0 b

lowest location
pixel of character n

FIGURE 11.  The pictorial meaning of the skew correction concept.
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There are two search sequences used in finding the lowest point in each character:

giving the priority to the left position
giving the priority to the right position.

And there are two cases to consider when finding the lowest point on the base line for
each character (Figure 12):

o the image is tilted clockwise
o the image is tilted counterclockwise.

character base line

: 5

counterclockwise tilted clockwise tilted

FiGure 12.  Different tiltings of the character base line.

The process of finding lowest point is defining a point-searching sequence. The sequence
uses the masks as shown in Figure 13 (a). The X in the middle is the starting point of a
border contour which we will call the initial black pixel (1 pixel), and the point number 1, 2,
3, 4, and 5 are searched in that order to find the next black point of the border contour.

1—| X {—s5 S5—1 X |—1
27 3 | e s
@ ®)

FiGURE 13.  The searching sequences. (a) For giving priority to the left position. (b) For
giving priority to the right position.

The example of the searching algorithm for finding the lowest point, by giving priority
to the left position, can be summarized as follows.
Repeat
check for a black point at the next position
if found and it is not past the initial point of the before state,
move to the next position )
else check for a black point at the southwestern position
if found move to the southwestern position
else check for a black point at the next lower point
if found move to the next lower position
else check for a black point at the southeastern position
if found move to the southeastern position
else check for a black point at the eastern position
if found move to the eastern position
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until there is no black point at the next left (except past the initial point of the before state),
southwestern, lower, southeastern, or eastern position.
Similarly, we use the process in Figure 13 (a) to modify finding the lowest point by-giving
priority to the right position. The searching sequence in this case i§ shown in Figure 13 (b).

Computing the rotating angle from the lowest pizels. From Figure 14, the highest point
of the image is located by scanning for black points from left to right and top to bottom.
Then, the lowest points on the base line for each character procedure are computed as the
following:

1. Locate the highest black point of the image.
2. Locate the lowest point by giving priority to the left position and by giving priority to
the right position, then choose the higher of these two points.
8. If a black point in the next left position is found then move to the left position (which is
still in the same character)
else move to next right position (which is still in the same character).
4. To locate the lowest point for the next character do

e Step 1: Find the first black point to the right (to the left for the counterclockwise
tilted image case) on the same horizontal line, store its position, and locate the
lowest point from there.

s Step 2: From the position stored in step 1, move to the next black point to the right
(to the left for the counterclockwise tilted image case) and locate the lowest point
from there.

The lowest base line point for the next character is whichever lowest point found in step
1 and 2 that has the higher y-coordinate (the lower y-coordinate for the counterclockwise
tilted image case). ‘

5. repeat 4 until the end of line. ’

highestpointwl 9
o
int of e
gty sl s
lowest point of step2 \‘1! Zg’?

character 1 lowest point of
character ¥

FIGURE 14. An example to find base line of clockwise tilted image.

We can compute the rotating angle from the base line, which depends on the lowest
points of each character in the Thai words. After rotation normalization, we can extract
each character from the words using the segmentation method.

5.5. Slant Normalization

Slant correction is the process which tries to normalize the slant of the handwriting to
the vertical. Some people write with the words slanted to the right of the vertical, while
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others write more or less slanted to the left. So, each pixel of the original image is corrected
by a slant normalization algorithm (Bozinovic 1989). The slant-corrected image is obtained
by applying the following transformation to all foreground pixels with coordinate points z,
y in the original image:

/

2’ = 2-yxtan(b- def), "=y (1)

where def is a parameter specifying the default (normal) slant.

5.6. Segmentation of Thai Characters From the Sentence.

The segmentation of Thai characters from the sentence (Airphaiboon and Kondo 1996)
must be done before the decision of the unknown pattern process, because the construction
of the Thai word, as shown in Figure 15 (a), is different from an English word: it is more
complex. But the Thai word is noncursive and has no connected part between two characters
in a word. Then, it is easy to produce segments each character from a word. The procedure
of segmentation is applied to extract each character (CS, UV, MV, LV or TS) from a_given
word. The algorithm is based on histogram analysis and contour tracing. An example of this
algorithm is shown in Figure 15.

Tonatsymbel | QJ
& Uppervovsel

Consonant
{s)\-‘\\/‘/(xe,\'c) q‘mj
q m i Lower vowel 4
)

©

1Y (=,

1319

@ U

FIGURE 15.  Single-character segmentation is base on histogram analysis and contour tracing.

Figure 15 (a) shows a complicated Thai word which consists of three CSs (“2”, “u",
“3"), one UV (“2”), one MV (“"), one LV (“ «"), and two T'S (“ «”, “9"), Using the
average value of the horizontal projection profile of this word, the component line level is
obtained as shown in Figure 15 (b). In this step, the upper part of the middle vowel “1” is
deleted because it is located in the upper vowel line (the horizontal projection profile value is
less than the average). To restore the deleted parts, a contour tracing algorithm is applied,
starting from one pixel (X, Y,) and going to a pixel (X, Y.) of each deleted part (Figureld
(b)).

For each character in the consonant line level, UV, T'S, and LV are searched, and their

locations are determined in the upper vowel, tonal and lower vowel line levels, respectively
. (Figurel5 (c)).
’ In an orientation case, we cannot use a segmented character as mentioned above, because
some characters may be digital images shifted or rotated from the horizontal or vertical line
" as shown in Figure 16. So, we must scan digital images in a left to right and top to bottom
direction. If the pattern of each character is found, then we pull out one character from the
other. To obtain a full scan we continue to separate characters until the end of the digital
images.” With each character from the orientation case, it is not necessary to normalize
the rotation and scaling of the character, because the Fourier descriptors can solve these
problems, as shown in equation (4) and (5) respectively.
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FIGURE 16. An example of the orientation character.

6. FEATURES EXTRACTION AND CLASSIFICATION

6.1. Features Extraction

Inner contours (loop contours) exiraction.. We applied an edge detection algorithm
(Anil 1989) and a contour-following aigorithm (Richard and Peter 1973), and obtained the
detection of a Thai character's head. Figure 17 (a) shows a normal pattern for inner contour
(loop contours) extraction strategies. Using an edge detection algorithm, an edge of the
character appears as shown in Figure 17 (b). Later, an external edge is erased by the
contour-following algorithm. The internal edge appears, which we refe to as the “ head " of
the character, as shown in Figure 17 (d).

Inner +——Outer—— °
contour contour

m m m b g
(@) ®) © @

FIGURE 17. Examples of feature extraction.
(a) Original image of handwritten Thai characters “a”, “B”, and “"”.
(b) Outer and inner contour of handwritten Thai characters “d”, “©”, and "&".
(c) Outer contour of handwritten Thai characters “qr, “9", and “ai".
(d) Inner contour of handwritten Thai characters “a”, “©”, and “Q"

Outer contour extraction based on Fourier descriptor.. The Fourier descriptor has been
used as the popular curve descriptor in many applications (Persoon and Fu 1977, Mahmoud
1994, Jeong 1999). It is the method of describing a closed curve by a set of Fourier coefficients.
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Because a character contour is also a closed curve, the character contour can be represenied
by Fourier descriptors. The detail of the Fourier descriptors is discussed in Section 7.

6.2. Classification

The recognition system was separated into two stages. First, in the rough classification
stage, the loop contours of a character from the previous section were classified into 3 classes
using the number of loop contours such as class 1, class 2, and class 3. These are the groups of
characters as shown in Table 1, which consist of no loop, one loop, and two loops respectively.
Second, in the fine classification stage, the outer contour information from Fourier descriptors
is classified by a genetic neural network.

Table 1.  Three classes in Thai alphabet

Level Vowel
Consonant
Class Upper Middle Lower Tonal
1 ns 1 Y
ansssonauldadndnen
A A oo ﬂ)(ﬂ‘o’d
2 ONsIAADANAGING HLVH aw
d ar
3 UDNURAY LA UN UM NE o9

7. FOURIER DESCRIPTORS

.-

Fourier descriptors in this system as shown in Figure 18. The character boundary was
presented by co-ordinates Pp,(Xm,Ym) and computed

L
alk] = % Z z[m]e~Ik(3r/L)m (2)
1 mL=1 |
blk] = I Z y[m]e~ K@/ Lm (3)
m=1

Where alk], bk] are the coefficient of Fourier descriptor,
L is the curve length,
m is 1 to L, and
kisOto L -1.
Then, to cut the DC component of the Fourier descriptor a[0] and b[0], the other data
can be used to independently perform the position of the character boundary. Computed by

r(k) = Vlalk]1* + |b[k]|* (4)

Where k is 1 to L — 1, |a[k]| and {bk]| are absolute value, and complex numbers. The
r|k] are independent on both the translation, and rotation of the character. In the case of
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the application for independent scaling work, the Fourier descriptors S[k] are developed to
be equation 5,

Sik] = r(k]/r(1] (5)

The first 10 - 15 descriptors s(k] are sufficient for character description.

Fourier descriptors sk} are symmetrical around position (L-1)/2. The sl] of every char-
acter is closely matched. For an application to be recognized we neglected s[l], and used the
first half of the Fourier descriptors s[2] to s{(L — 1)/2]. Because of this consideration, Fourier
descriptors of character graphs, s[k] are reduced to near zero when k increases to more than
15 as shown in Figure 18. The lower order coefficients are the high quality boundary shape
representation. We can select the first order coefficients 10 - 15 descriptors for sufficient
character recognition. However, since some Thai characters are very close in shape, the use
of 10 Fourier descriptors gives better results.

S
P (Xm,Ym) 0.5

T T T T T T LT k
3 5 7 9 1113
0.94 ~
F
0.00 Illllllll}?“_k
1 35 7 9 1113

FIGURE 18. Fourier descriptors of ‘1’ and ‘@',

8. GENETIC NEURAL NETWORKS

In this paper, genetic neural networks are utilized to classify the handwritten Thai char-
acters in each group. The details of this approach are given in the following subsections.

8.1. Genetic Algorithms

Genetic algorithms (GAs) (Goldberg 1989) are general-purpose search techniques based
on principles inspired from the genetic and evolution mechanisms observed in natural systems
and populations of living beings. Their basic principle is the maintenance of a population of
solutions to a problem (genotypes) in the form of encoded information individuals that evolve
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in time. The evolution is based on the laws of natural selection (survival of the fittest) and
genetic information recombination within the population. The evolving population samples
the search space and accumulates knowledge about good and bad quality areas recombining
the knowledge to form solutions with optimal performance to the specific problem. Figure

.19 illuétrates the schematic diagram of the genetic search process.

- : Reproduction
.
I . Matmg i
. 0ol
Fitness P 3

l"' computing | |Rouletts wheel

01l1..101 |

110..100 E— -
- | Parent

population

llo...lOln\ . .
101100 [ Binary stnng

Offspn -
spnng Mutation | +—| Crossover |+

FiGURE 19. Schematic diagram of the genetic search process.

In genetic algorithms, each parameter is represented by a string structure. This is similar

to the chromosome structure in natural genes. A group of strings is called a population.
Strings in a given population when mutated and/or crossover evolve a new generation of
strings. For each generation, all the populations are evaluated based on the fitness. The
individual (string) with higher fitness has more chances of evolving to the next generation.
The procedure is repeated many times until it arrives at a predetermined ending condition.
A GA is usually implemented according to the following step:

Step 1 Coding of Searching Space

The searching space is coded into a finite-length bit string. Different strings represent
different candidates for optimizing. The length of the string will determine the range to
be searched by GA."

Step 2 Initial Generation

An initial population.of N strings with length n is randomly generated, where n is
selected by step 1. Large N will increase the possibility of including the optimal solution
in less generation but will decrease the computation speed of GAs.

Step 8 Fitness Evolution

In each generation, every string is decoded according to its meaning in the original
system. An objective function is used to evaluate them and assign them with fitness
values.

Step 4 Reproduction

Individual strings are copied according to their fitness values: those with a higher prob-
ability of contributing one or more offspring in the next generation. Once a string has
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been reproduced, it will enter into a mating pool as a tentative new population for further
generation action.

o Step 5 Crossover .
After reprocluction, members of the newly reproduced string in the mating pool are
mated at random. Each pair of strings exchanges their corresponding portion of binary
strings at a randomly selected position between 1 and 7 - 1

o Step 6 Mutation
This is a complementary operator that increases the variability of the population. After
the crossover operation, each bit position of each string in the new population undergoes
a random change with a probability equal to the mutation rate. A low level of mutation
will prevent loss of important natures or of some potentially useful generation materials,
and also allow a search close to a point in the search space.

o Step 7 Iteration
Step 3 to 6 are run iteratively until a predetermined ending condition is satisfied.

The acceptable solution is obtained and decoded into its original pattern from the re-
sulting binary string.

8.2. Neural Networks

A neural network is modeled as massively parallel-interconnected networks of elementary
processors or neurons. Various software algorithms are crafted to synthesise a mapping
between input and output variables by learning a set of the weights and neuron thresholds
from training samples. Supervised training has mostly been formulated as a weight training
process. Effort is made to find an optimal or near optimal set of connection weights for a
network according to some criteria. The total mean square error (MSE) between the actual
output and the target output is used to guide BP search in the weight space. There have
been some successful applications of BP algorithms in various areas. However, drawbacks
with the BP algorithm do exist owing to its gradient descent nature. It often gets trapped
in a local minimum of a function which is vast, multimodal and non-differentiable. One way
to overcome the shortcomings of BP as well as other gradient descent search-based training
algorithms, is to consider the training process as the evolution of connection weights towards
an optimal or near optimal set defined by a fitness function. From such a point of view,
global search procedures like GAs can be used effectively to train a GA-NN. The fitness of a
GA-NN can be defined by the aforementioned total MSE.

8.3, Genetic Neural Network Training

Genetic algorithms have been used to search the weight space of the multilayer feedfor-
ward neural network without the use of any gradient in formation (Lin and Lee 1996). The
existing GA and NN have been combined to form the hybrid system. The system model is
shown in Figure 20.

The basic concept of GA-NN is as follows. A complete set of weights is coded in a number
string, which has an associated "fitness” indicating its effectiveness. The GA object makes
calls to NN objects and passes messages to the fitness function. The procedure will start with
a random population of such strings. Successive generations are constructed using genetic
operators to construct new strings out of old ones such that fitter strings (weights) are more
likely to survive and to participate in crossover operations. The crossover operation can
in principle bring together good building blocks such as hidden units that compute certain
logical functions found by chance in different members of the population. Both NN and GA
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instances are created at the beginning of the optimization procedure and last until the end,
which optimizes the NN parameters including weights and bias. The example of encoding a

network on a chromosome, is shown in Figure 21. The weights and biases in a neural network
are encoded in order, as a list.

GA -NN Uninitialized GA and Netwotk tequest

parameters / initialize GA and network

[ Untrained Network ]

[ ————

Initialized GA do : read pattems
do: compute weights do: Call GA to compute weights
e ————————————

do: compute threshold

\calculatio complete
Trained Network

Start * test pattem presented / retrieve
association

FIGURE 20. The GA-NN model.

nNodes(i=1,2,3,...,n)

Weight 1 [Weight 2 Bias Weight 1 Bias
Chromosomie | Node1 | Node 1 Node 1 Node n Noden
A\

AR A\

Parameters for Node 1 Parameters for Node n
FIGURE 21. Encoding a network on a chromosome.

In Thai character recognition, the multilayer neural networks are fed by 12 coefficients
of Fourier descriptors to the input nodes. The hidden layer of the network has a maximum
of 25 neurons and the output layer has 8 neurons, corresponding to the number of recogriized
characters. The number of parameters is 533, with 4 bytes to represent each parameter. Each
individual will take up 2132 bytes. With a population size of 150, the memory size is 319,800
Lytes. The required computational time in the training stage is much greater than that-for
conventional BP neural networks. In the experiment, the ncural networks are operated in two
modes: training, and testing. In the training mode, a set of training data is used to adjust
the weights of the network interconnections. The training neural networks are determined
by these weights. In testing mode, the trained network is activated by the testing data.
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9. SPECIAL TECHNIQUES

After training for the classification by genetic neural networks, some of the Thai char-
acters are similar, and cannot be classified any more at all. It is necessary to use special
techniques for recognizing some characters such @, ,which are similar. The only difference
is with the heads of the characters, which leads to the problem of recognition. The difference
is that in © there is an outer curl, but in @ there is an inner curl. In the case of character
®, 9, the only difference is in the upper part of a character. In classes 2 and 3 of Table 1,
several characters cannot be separated by genetic neural networks, because these characters
are similar as mentioned above (see in Figure 22). To classify the similar character in these
groups, some local characteristics of Thai characters are required. The local characteristics
of Thai characters are defined by a new concept for finding concavity and convexity from
contour invariants as follows.

1,008 DI

FIGURE 22.  The example of similar Thai characters. (a) The similar character in class 2.
(b) The similar character in class 3.

.

We applied a contour-following algorithm to detect the external contour of the similar
characters and compute the invariant codes by using the definition of contour invariant in
Section 4. From a contour invariant code of each point Ci may have discrete values {-2,-1,
0, 1, 2, 3, 4} as illustrated in Figure 23 (a).

FIGURE 23. (&) The contour invariant codes of a Thai character “A” rotated to 30° and (b)
An example of assignment a Thai character in figure 20(a) with + and -.

'
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Then, S; is represented as in equation (6).
Si = {b,a,0,1,2,3,4} ) (6)
Where

Sy is a sign of an each point C; ,
a and b represent local curvature values -1 and -2 on contour pixels respectively.

Accordingly, each C; is given a value of the seven signs S;. The points are then utilized
to detect + and — vertices of a contour as follows.

Definition 9.1: When a point C; satisfies either condition (a) or (b), a label + is assigned
to Cj

(a) (Si > 0) & (Si-1 >0 or Siy1 > 0)

(b) (St >0) & (Sim1 S 0) & (S41 S 0) & (Dygps 2 k1 ) & (D14 2 k2 )

where Dy ; = /(Cos — Cy1)2 + (Cyi — Cys)* and k; and k, are thresholds.

Definition 9.2: When a point C; satisfies either condition (a) or (b), a label - is assigned
to C; . ’

(8) (Si <0)& (Si-1 < 0or Sy, < 0)

(®)  (Si <0) & (Si—1 2 0) & (Si41 2 0) & (Digs1r 2 k1 ) & ( Dimyi 2 ko ).

An example of assignment for a Thai character with + and - according to the definitions
is shown in Figure 23" (b).

When there are successive + vertices between two - vertices, the successive + vertices
are called a convex arc, and a concave arc is the successive - vertices put between two +
vertices. :

As shown in Figure 23 (b), the segment passing points P, Py, -+, Pg'and Ps, Pig,y -,
Psg are regarded as two convex arcs having as the start points P, and s, Py and Psg as the
end points respectively. Further, the segment passing points P;, Pg,--, Pig and Pyg, Pap,
-+, Py are two concave arcs having P; and Psg as the start points, P, and P, as the end
points respectively.

Let P; = { Pp4,Py;}; 7 = 1 - J be a sequence of + and - vertices belonging to an arc in
the 2 - y plane. Then, length of arc D; ;1 is defined as follows.

Djj41 = \/ (Pzjs1 = Prj)? + (Pyj+1 = Py,)? (M)

The convex and concave arcs of a similar one-head character is calculated in three steps
as shown in Figure 24 (a).

Obtain the centroid of a head of a Thai character.

2. From the centroid scan around the head, find the - vertices or concave arc neighbouring
the outer contour, and measure the distance r; between the - vertices and centroid.

3. Use the - vertices point, which has a shortest distance r; as a starting point for contours

following in a contour counterclockwise direction, detect the concavity and convexity of

contours for classification.

—

The convex and concave arcs of the similar two-head character is calculated in four steps
as shown in Figure 24 (b)

~ 1. Calculate the centroid of character.
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2. Calculate the distance R; and Rs.
- 3. Calculate an angle 6 (R, is the first distance arm of angle always in a counterclockwise
. direction) s

4. Apply the contour-following algorithms between the points 7, and 75 to find the convex
and concave arcs in counterclockwise direction.

FIGURE 24.  An example of extracting convexities and concavities.
(a) A similar one-head character “®",
(b) A similar two-head character “@".

By this method, we can classify the characters that are similar as shown in Figure
25. In this figure, the Thai characters “A”, “@ *, and “s1" are similar, but they have the
different sequence of convexity and concavity. Note that the convex arcs and concave arcs of
a character are independent of contour rotation.

(i (]

+
OSasARARARERIAERERR0 -

+

FIGURE 25. An example of extracting convexities and concavities in similar Thai characters.
(a) The handwritten Thai character “@” rotated 30°.
(b) The normal handwritten Thai character “®”".
(c) The normal handwritten Thai character “®".
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10. EXPERIMENTAL RESULTS

The character classifiers were trained on a set of 1,350 Thai word samples written by 70
persons (a total of 14,550 characters) extracted from training image. A subject was requested
t9 write a Thai word on the given sample form. In the sample, two writing conditions are
given:

o Please use a black ball point pen or 2b pencil.
o Please write a Thai word in clear writing.

ot o~ o Jey
) NGOGE
ﬂ/‘Uq f_cﬂﬂ ' ’{ﬂebb’n‘(m{aa;ﬁaﬂ'ﬂaﬁué’?@
MafsnauEe  WinaTy

FIGURE 26. Correctly recognized sample of Thai words.

The training and experimental images were scanned in binary form at a resolution of 300
dpi. The experimental process was applied to 1,200 Thai words written by 60 persons (a total
13,500 characters). The Thai words, which have various scripts such as clear writing, slant
writing, rotated characters (skewed image), and scaling characters are shown in Figure 26.

~ Sometimes, a character image might be skewed with respect to the horizontal axis (depending

on handwriting). We need to separate each character from the word by the segmentation

~.. methnd in Section 5. We detect the outer contour of the character image, and the inner

contours according to the method in Section 6. After that the characters are divided into

three groups by rough classification using the number of inner contours (the head of the

character) ‘of the characters. Then the outer contour of the character image is transformed

using Fourier descriptors. We found that the graphs of the Fourier coefficients do not depend

on the rotation of the character: as rotated in different angles 10°, 45°, and 90°. All are
similar as shown in Figure 27.

Graphs of the different sized characters are shown in Figure 28. In this figure, the graphs
of the Fourier descriptors of the contour of character “3" is almost the same, because the
contour of the character image is still the same size and is not a changeable ratio. We brought
the contour information of the character transformation using Fourier descriptors into the
input nodes of the GA-NN. We used learning by genetic neural networks for finding the
weight of the networks for the recognition system.

In the case of the similar characters, we used the SPECIAL TECHNIQUES in Section 9
for helping to improve the recognition rate. We tested the word recognizer on a clear writing
character set, some samples of which are shown in Figure 29. For classification purposes,
it should be noted that the people who wrote the characters in the testing database are
the same who wrote the characters in the training database. The recognition rate is nearly
99% (assuming the segmentation of the characters are corrected) as shown in Table 2. The
comparison of the recognition rate of Fourier descriptors and the genetic neural networks
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(c) (d)

FIGURE 27.  The results of Fourier descriptors from the character *”.
(a) The normal character.
(b) The character “N” rotated to 10°.
(c) The character “N” rotated to 45°.
(d) The character “N” rotated to 90°.

S[k] s[k]

0.16 - 0.16

0.12 j] 0.12 ~ j

0.08 0.08 -

0.04 ~ 0.04

0.00 Lmmmprrr ey (X ———
1357291113 % 135791113 k

Fi1GURE 28. The result of the Fourier descriptors from Thai character “¥" with different
sizes.

with the other methods is shown in Table 3. In Table 3, the recognition rate of the cavity
features based on the neural network, Karhunen-Loéve, and loop structure is very high. If
the characters are rotated and changed in size, this particular method gives a low recognition
rate. The local features have no rotation problem, but this method gives a recognition rate
which i$ very low. Comparing the Fourier descriptors and genetic neural networks is better,
because this method can solve the rotation (not using skew correction) and scaling problems
(Figure 16), with nearly 99% correct recognition.
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Ve

Table 2. Recognition accuracy.

| Sample | Recognized | Mis-recognized | Rejected |
| 1200 | 99.12% |  0.28% | 0.65% |

Table 3. Comparison of the recognition rate between the Fourier
descriptors and genetic neural networks with the other methods.

l Recognition method Percent correct

| Local feature l 88.9% ;
| Cavity feature & neural net | 98.3% l
| Loop structure [ 99.0% |
| Karhunen-Lodve (printed characters) | 98.8% |
| Fourier descriptors & genetic NN | 99.12% |

11. CONCLUSIONS

In this paper, we described an efficient approach to invariant character recognition that
utilizes the number of head and a Fourier descriptor with genetic neural network for the
classification phase, and uses the local curvature characteristic in the similar character case.
If a character is rotated we cannot use the position of head and shape to recognize it, but
Fourier descriptors can describe the shape of these rotated characters. From the experimental
results, the graphs of Fourier descriptors are independent with rotation, translation position
and the scaling of characters. The advantage of this method gives a high recognition rate.
The data of Fourier descriptors from contour information of characters are learned by the
genetic neural network. The genetic algorithms optimize the weight interconnections, and
reduce uncertain states in the neural network output. After the fine classification stage, some
characters are completely recognized, but some similar Thai characters cannot be separated
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from each other at this stage. It is necessary to use local curvature characteristics for recog-
nizing. These have different sequences of concavity and convexity, so we can separate them.
Furthermore, we can add various styles of Fourier descriptors into the recognition system.
Script writing and defects of inner contours give a very low recognition rate because charac-
ters can be mis-grouped. Some mis-recognized characters are caused by preprocessing errors
or writing errors, which causes the total rate of recognition to be low. The mis-recognized
samples are shown in Figure 30. The disadvantage of this method are that if the inner looﬁ or
head of character cannot be detected, if there is unclear writing, and solid head or blurring,
and this particular method of analysis cannot be used.

. ) (g
NG ey v do YU~

%w@)ﬁ)ﬁ@@an—] xI\;, o 4312\%%:/

@“S,M %‘] 5]
FIGURE 30. Mis-recognized samples.
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