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ABSTRACT

HANDWRITTEN CHINESE CHARACTER RECOGNITION
USING X-Y GRAPHS DECOMPOSITION AND
TWO-DIMENSIONAL FUNCTIONAL RELATIONSHIP MODEL

Lee Jia Chii

This thesis is about the recognition of handwritten Chinese character based on
online approach. Wide-ranging applications of handwritten Chinese character
recognition (HCCR) from the advancement of automation process and
telecommunication to educational purpose have made this topic become
popular among research area. In practice, feature extraction and classification
are two main phases in a recognition system, such that the overall performance

of the recognition system depends greatly on them.

In this research, a new approach of feature extraction method for HCCR called
X-Y graphs decomposition is presented. Central to the proposed method is the
idea of capturing the geometrical and topological information from the
trajectory of handwritten character using two unique decomposed graphs: X-
graph and Y-graph. For feature size reduction, Haar wavelet is applied on the
graphs. This is a new attempt of wavelet transform. Features extracted using X-
Y graphs decomposition with Haar wavelet not only cover both the global and
local features of the characters, but also are invariant of different writing styles.

As a result, the discrimination power of the recognition system can be

il



strengthened, especially for recognizing similar characters, deformed

characters and characters with connected strokes.

For classification, a similarity measure is established via statistical technique
which calculates the coefficient of determination (Rf,) for 2-dimensional

unreplicated linear functional relationship (2D-ULFR) model between the
trajectory pattern of input character and character in database, according to

which the recognition result is determined. The principle of the proposed

method makes R?, very robust against size and position variation as well as

character shape deformation, even without normalization. Furthermore,

R; also enhances the stability and reliability of the recognition system.

Experimental results based on database of 3000 frequently used Chinese
character have proved the efficiency of the new designed recognition system

which is embedded with new proposed feature extraction method: X-Y graphs

decomposition and new classifier: R,Z,. The most attractive advantage of this

recognition system is that it still remains a promising recognition rate even
without undergoing normalization: a high recognition rate of 98.2% despite of
small feature size such that the dimensionality is between 64 (inclusive) and
128 (exclusive), and reduced processing time up to 75.31%, 73.05%, 58.27%
and 40.69% if compared to CBDD, MD, CMF and MQDF classifiers
respectively. Therefore, it is more practical and preferable for applications

nowadays.
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CHAPTER 1

INTRODUCTION

Character recognition is one of the main branches of pattern
recognition. Research on printed Chinese character recognition has become a
significant area since Casey and Nagy (1966) opened up the field. After a few
years, this has extended to the problem of handwritten Chinese character
recognition (HCCR) which is of vital importance in applications where
handwriting is the desirable input channel, such as form filling, personal
digital assistants (PDA) and computer-aided education. As mentioned in Jain
and Lazzerini (1999) and Kherallah et al. (2008), the area of handwriting
recognition can be divided into offline approach and online approach. Offline
approach recognizes the handwriting in the form of an image through scanners
or cameras (Srihari et al., 2007). In this case, only the completed character or
word is available. Whereas, the online approach deals with the recognition of
handwriting captured by a tablet or similar touch-sensitive device, and the
digitized trace of the pen is used to recognize the character (Deepu et al.,
2004). In this instance, the recognizer will have access to x and y coordinates
as a function of time which has temporal information about how the character
was formed. The research on online handwritten character recognition has
been receiving a great interest since 1980s (Liu et al., 2004). Even in recent
years, online handwriting recognition still remains as an active topic among

the research community.



When the online handwritten character recognition just started, it was
only limited to the recognition of English alphanumerics. A comprehensive
survey of Plamondon and Srihari (2000) reviewed the handwriting recognition
which mainly focused on western handwriting. At the end of the 1960s, the
online handwritten character recognition in Japanese language (which includes
Hiragana, Katakana, Kanji, English alphanumerics and symbols) has gradually
emerged. Early works have been done in the online Japanese character
recognition by Nakagawa (1990) and Wakahara et al. (1992). Since 1980s,
the problem of online handwritten Chinese character recognition (HCCR) has
received considerable attention from the research area due to its wide-ranging
applications and technical challenges. Various approaches of HCCR that have
been proposed over the years can be reviewed in Cheng (1998), Hao et al.

(1997), Kato et al. (1996), and Wakabayashi et al. (1996).

In this chapter, Section 1.1 gives a fundamental idea about the overall
process of the commonly used HCCR system. The feature extraction and
classification process are introduced in Section 1.1.1 and Section 1.1.2
respectively. Section 1.2 explains the problem statement and motivation of this
research. It is followed by the research objectives and scope of study in
Section 1.3 and Section 1.4 correspondingly. This chapter concludes with the

organization of the thesis.

1.1 Overview of HCCR Process
In general, the HCCR system involves three main stages:

preprocessing, feature extraction and classification. Firstly, the image (for



offline approach) or trajectory (for online approach) of an input character is
captured by the recognition system. Individual writing variations, distortions
due to erratic hand motions, and inaccuracy of digitization are particularly
disruptive to character recognition. Hence, preprocessing on the original input
character is needed in order to alleviate these problems and obtain a more
proper form for later stages. In the case of offline approach, preprocessing
may focus on the image of the input character, which includes binarization or
converting the image to black and white colors, smoothing, interfering-lines
removal, stroke slant or width adjustment, image enhancement and others.
Whereas for online approach, preprocessing on the input character trajectory
involves normalization, which standardizes the size and position of characters,
and overcome the shape deformation problem. After undergoing preprocessing,
it will proceed to the stage of feature extraction, which is also referred to as
pattern description. In this stage, the input character is represented in a special
form for classification. Lastly, the output character from database that matches
with the input character is determined using classifiers. A practical HCCR

system is depicted diagrammatically in Figure 1.1.

Preprocessing
v

| Feature Extraction |7

Coarse Classification |
Classification v ;

Model
Database

Fine Classification

Output Character

Figure 1.1: Diagram of a practical HCCR system.



1.1.1 Feature Extraction

According to Devijver and Kittler (1982), feature extraction is a

problem of extracting from the raw data the information which is most

relevant for classification purposes, in the sense of minimizing the within-

class pattern variability while enhancing the between-class pattern variability.

From the theoretical aspect, feature extraction is a method which determines

an appropriate subspace of dimensionality m, either in a linear or a nonlinear

way, in the original feature space of dimensionality d where m < d (Jain et al.,

2000). The feature extraction methods for input character and database are of

particular important since the classification techniques depend significantly on

them. Some important properties of feature extraction are illustrated below:

ii.

System dependency - Different feature extraction methods fulfill the
requirements to a varying degree, depending on the specific
recognition problem and available data. A feature extraction method
that proves to be successful in one character recognition system may
turn out not to be very efficient in another recognition system

(Devijver and Kittler, 1982).

Handwriting invariant - The extracted features must be invariant to the
expected distortions and variations that the characters may have in a
specific application. In other words, the extracted features must remain
a promising recognition rate in the recognition system, without
affecting by the variation of size, position, orientation or skewed, and

writing styles of the characters.



iii. ~ Curse of dimensionality - With a limited training set, the size of
features must be kept reasonably small if a statistical classifier is to be
used, so that the trained recognition system is sufficiently reliable. It is
recommended to use 5 to 10 times as many training patterns of each
class as the dimensionality of the feature vector (Jain and

Chandrasekaran, 1982).

iv.  Classifier stability - The type or format of the extracted features must
match the requirements of the chosen classifier. For instances, graph
descriptions of the characters are well suited for structural classifiers;
discrete features that may assume to be two or three distinct values
only are ideal for decision trees; real-valued feature vectors are ideal
for statistical classifiers. However, multiple classifiers may be used,
either as a multi-stage classification scheme or as parallel classifiers,
where a combination of the individual classification results decides the
final classification. In this case, features of more than one type or

format may be extracted from input characters.

1.1.2  Classification

Basically, classification is the final stage in most of the HCCR process.
Once the proper representations for the characters have been found, classifiers
can be designed using different approaches. In practice, the choice of the
appropriate and efficient classifiers is a difficult problem. Similar to feature
extraction, the classifier is expected to have some desired invariant properties

so that a high accuracy rate can be achieved. On the other hand, to accelerate



the recognition of large category set, the classification is often decomposed
into coarse classification and fine classification. A coarse classification is
commonly applied to first select from database a small subset of candidate
classes which possibly matches the input character. After that, the input
character is classified into one of these candidate classes in the fine
classification stage. This two-stage classification technique has been widely
adopted nowadays, instead of tree classification (Guo and Gelfand, 1992) and
multistage classification (Cao et al., 1995). Furthermore, for the sake of
memory limited devices, the parameter complexity of the classifiers is also a
significant problem that has to be taken into consideration. It must be reduced

as greatly as possible, so that it can be applied to the devices.

1.2 Problem Statement and Motivation

Although many researches on HCCR have been done, the overall
performance of the current HCCR system can still be improved in a large
extent, especially for unconstrained handwriting, i.e. characters written in
freestyle without any constraints on character size, position, stroke number
and stroke order. The recognition of handwritten Chinese characters is very
different from recognition of handwritten characters of other languages such
as English and Arabic. There are many difficulties in recognizing handwritten

Chinese characters, which are as follows.

(1) The Chinese character set is of the greatest number if compared to
characters of other languages. According to Srihari et al. (2007), the

Chinese script consists of approximately 50,000 characters, of which



only a few thousand are commonly used. Besides, due to the
complicated structure of Chinese character, the complexity of features
for characters has increased, i.e. each Chinese character can be
transformed to a vector of nearly or more than 100 dimensionalities.
Besides, a single character may have various handwritten versions.
Hence, the HCCR can be referred to as a problem with a feature space
of high dimensionality and data set with large amount of samples that
belong to many different classes. As a result, the performance of the
recognition system will be degraded in term of the system storage and

speed.

(2) There exist many similarly shaped Chinese characters. Some examples
of this are demonstrated in Figure 1.2. These similar characters are
easy to be confused with each other by either computer or human since
they often share the common radicals and have very slight shape
difference only in local details. Therefore, this will increase the

misclassification error rate of the recognition system.

Figure 1.2: Example of six visually similar characters: “F, “F>, “3g”, “3”, <)}’ and

“ﬂ”



(3) The variability of writing styles has further blurred the shape
difference between similar characters. Formally, the Chinese
handwritten scripts are categorized into three typical styles: regular
script, fluent script and cursive script. Some instances of these three
typical styles are shown in Figure 1.3 (Liu et al., 2004). Among them,
regular script is commonly used by most of the writers and it can be
recognized easily. However, for fluent and cursive script (irregular
script), the handwriting is deformed seriously and some character
shapes even totally differ from the standard shape. Thus, it is difficult
to recognize them correctly, even by humans. Furthermore, another
common problem occurs in HCCR is the variability of size and
position of handwritten characters, i.e. different writers tend to write

the characters in different size and position.

%bg‘- ﬁ"ii’i’? W2 3 &49
}§< B j'!l iﬂ@rﬂf)

(a) Regular Script (FEI:E)

%5 1% A 4.*{:?
so N 218 41

(b) Fluent Script (T1)

4 k1Bt V2 L B
D ) THFE L

(c) Cursive Script (1)

Q;)

Figure 1.3: “SE#HEPRES L% T HEMIEL” is one of the stanzas in the famous
Chinese poem “Kanshiro in Listening and Spot on Chin Piper” written by Li Bai. Three
common types of Chinese character writing styles for this stanza are shown: (a) regular

script, (b) fluent script and (c) cursive script.



(4) Stroke number and stroke order of Chinese characters are significant
information for online recognition where trajectory (pen-tip
movement) of the characters is captured as the raw feature. If the input
character is written in a wrong stroke number or order, then this can be
a bottleneck for recognition where the system cannot recognize it
totally. However, some writers have no knowledge about the correct
stroke number and order of Chinese characters, especially those who

do not undergo a proper Chinese education.

Although many feature extraction and classification schemes have
emerged over the years to cope with the above problems faced in HCCR, there
are still some deficiencies in those existing schemes. The shortages of the

schemes that proposed previously are revealed below.

I. Large dimensionality and parameter complexity

In feature extraction, the features extracted for each Chinese character
are often in large dimensionality, especially for the feature extraction methods
based on structural approach (refer to Section 2.2.1) and statistical approach
(refer to Section 2.2.3). For examples, the features formed by using structural-
based Delaunay triangulation (Zeng et al., 2006) and statistical-based 8-
directional techniques (Bai and Huo, 2005) are of more than 500 dimensions.
Despite of many dimensionality reduction strategies such as using Gaussian
filter (Bai and Huo, 2005), the size of the features after reduction is still not
small enough. Moreover, some dimensionality reduction methods will affect

the recognition rate tremendously due to the loss of significant information.



Whereas, for classification, the problem of parameter complexity often
occurs in the existing classifiers, including the most widely used quadratic
discriminant function (refer to Section 2.4.1). For example, the modified
quadratic discriminant function (MQDF) (Kimura et al., 1987) requires storing
the parameters such as the mean vectors, the dominant eigenvalues and
eigenvectors of the covariance matrix for each class. The eigenvectors are the
main factor that leads to the high parameter complexity problem as the size of
the eigenvectors increase proportionally with the size of the classes. As a
result, it is not practical to embed them directly into the hand-held devices.
Instead, it has to undergo a compression process, but this will lengthen the

processing time of the recognition system.

II.  Algorithm complexity

The algorithms used are the core of the whole recognition system. It
determines the overall performance of the recognition system. Since last
decades, many impressive algorithms for both feature extraction and
classification were presented and had been proved to be successful in
achieving high accuracy rate. However, most of these previously proposed
algorithms are so complicated that it will degrade the quality of the
recognition system in term of speed and robustness. For examples, forming the
fuzzy attributed relational graph (FARG) (Chan and Cheung, 1992) that
represent each character in feature extraction and calculating the Compound
Mahalanobis Function (CMF) (Suzuki et al., 1997) in classification involve

heavy computations. Besides, due to high complexity of the algorithm, it can
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only restrict to some particular systems with special functionalities since the

normal systems can hardly support it.

III. Learning process

Learning, or alternatively called training is a process of estimating the
appropriate parameters for feature extraction schemes and/or classifiers by
using a set of character samples (called training set). The larger the training set
used in the learning process, the more reliable the recognition system is.
However, the learning process for huge training set can be very time-
consuming and requires large memory space. Besides, it is not easy to find a
stable and reliable learning algorithm that can guarantee a promising
recognition rate. Some examples of feature extraction methods that need
learning process are fuzzy attributed relational graph (FARG) (Chan and
Cheung, 1992) and hidden Markov model (HMM) (Tokuno et al., 2002; Nakai
et al., 2002; Hasegawa et al., 2000); while the examples for classifiers are
neural network (NN) classifiers (Fu and Xu, 1998; Saruta et al., 1996) and
support vector machine (SVM) (Burges, 1998; Dong et al., 2005; Kilic et al.,

2008).

IV. Normalization process

To tackle the problem of size and position variation, as well as shape
distortion for the input characters, normalization process is necessary as to
improve the recognition rate. Linear normalization (LN) method is easy to
implement and usually used in the preprocessing stage of the recognition

system, but such method can solely standardize the size and position of the
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input character. Hence, nonlinear normalization (NLN) methods such as
moment normalization (MN) (Casey, 1970), bi-moment normalization (BMN)
(Liu et al., 2003), modified centroid-boundary alignment (MCBA) (Liu and
Marukawa, 2004) and pseudo-two-dimensional (pseudo 2D) normalization
method (Horiuchi et al., 1997; Liu and Marukawa, 2005) are needed, in order
to handle the character shape distortion problem. Unfortunately, these NLN
methods are not as simple as LN methods and they may burden the operation
of the recognition system. Consequently, the speed of the recognition system

will be decelerated to a great extent.

V. Storage of excessive samples

The problem of stroke number and stroke order variation has become
the most concerned issues in HCCR nowadays. In order to cope with this
problem, the previous recognition systems used to store many samples of
different writing styles, different stroke numbers and stroke orders for each
character. Obviously, this technique seems to be not very efficient since it
occupied extremely large storage space. An investigation of the improved
methods in solving this problem still remains as a challenge in the research

area of HCCR.

The obstacles occur in HCCR as stated above has initiated the

motivation of doing a research on this topic, as to improve the existing

recognition system.
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1.3 Objectives
The main objective of this research is to develop a new online HCCR

system such that this can be divided into four subtasks as stated below.

I. To setup database

Instead of using the existing databases, a new database will be created
because the existing databases are not suitable and compatible with the
recognition system developed in this research. The database of this research is
based on Ju Dan’s modern Chinese character frequency list (Dan, 2004),
which is generated from a large corpus of Chinese texts collected from online
sources. The first 3000 most frequently used simplified Chinese characters in
Ju Dan’s modern Chinese character list are chosen as the characters in the
proposed database. The Chinese characters in database are in the font style of

songti, due to its widely used and similarity to handwritten Chinese characters.

II. To propose a new feature extraction method

The feature used to represent each character must have strong
discriminative capability, so that the recognition system will be precise in
recognizing every different character, especially in differentiating the similar
characters. Besides, it must also be able to tolerate well with the size and
position variation of the handwritten characters. At the same time, the
dimension of the features has to be as small as possible for the sake of small
storage space. According to all these requirements, a new feature extraction
method which is efficient in term of memory space and accuracy rate will be

proposed.
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III. To design a new classifier

New designed classifier with improved generalization performance
compared to other existing classifiers will be presented in this research. In
order to make the classifier more practical to be embedded in memory limited
devices, the simplicity of the algorithm for classification plays an important
role, i.e. the algorithm must be easy to implement. Moreover, the parameter
complexity of the classifier must also be reduced as greatly as possible and

simultaneously the error rate still maintains in a promising level.

IV. To evaluate the performance of the proposed methods

To determine the efficiency of the proposed methods, performance
evaluation will be implemented through experiment using the samples that
have been collected. This involves comparing the recognition rate, processing
time and storage space with some existing feature extraction methods and

previously proposed classifiers.

14 Scope of Study

Over the years, the research on online handwriting recognition has
evolved from being academic exercises to developing technology-driven
applications. In online handwriting recognition, due to the availability of both
temporal stroke information and spatial shape information, it is able to yield
higher accuracy than offline recognition. Besides, it also provides good
interaction and adaptation capability since the writer can correct the error or
change the writing style based on the recognition result. In recent years, new
modified pen input interfaces and devices have been developed for the
improvement of precision of the trajectory capturing and the convenience of
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writing. This advancement stimulates a renewed interest in the research on
online handwriting recognition. Furthermore, many applications of
handwriting recognition have emerged, including text entry for form filling,
message composition in mobile (Ma and Leedham, 2007), computer-aided
education (Nakagawa et al., 1999), personal digital assistants (PDA),
handwritten document retrieval (Russel et al., 2002) and so on. Hence, instead
of offline handwriting recognition, online approach will be taken into account

in this research.

Chinese characters are used in daily communication by over one
quarter of world’s population, mainly in Asia. As stated in Liu et al. (2004), a
Chinese character is an ideography and is composed of mostly straight lines or
“poly-line” strokes, i.e. strokes formed by two or more than two straight lines.
Many characters contain relatively independent substructures, called radicals,
and some common radicals are shared by different characters. Compared to
recognizing handwritten English alphanumerics, the recognition of Chinese
handwriting, which is the main scope of this research, poses special challenges
due to large category set, existence of similar characters and wide variability
of writing styles. In general, there are two types of Chinese character sets: (i)
traditional Chinese characters and (ii) simplified Chinese characters. The
examples of these two Chinese character sets are shown in Figure 1.4. If
compared to simplified Chinese characters, traditional Chinese characters are
less often used in handwriting nowadays due to its stroke complexity, such
that some characters are composed of more than 30 strokes. Therefore, this

research will only emphasize on the simplified Chinese characters.
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Figure 1.4: Examples of the eight Chinese characters in the form of (a) traditional
Chinese and (b) Simplified Chinese.

For feature extraction, there exist two cases based on two different
types of input to the system: (i) a sequence of handwritten characters such as
text entry for form filling and handwritten document retrieval and (ii) an
isolated character such as message composition in mobile phone and personal
digital assistant (PDA). Thus, the features may be extracted from a sequence
of characters or a single character. For the former case, segmentation is needed
in order to segment the sequence handwritten characters into isolated character
according to the temporal and shape information. Some of the well-known
segmentation strategies are genetic algorithm (Wei et al., 2005), metasynthetic
(Liang and Shi, 2005) and heuristic merging with Dynamic Programming
(DP) (Tseng and Chen, 1998). In this research, only isolated characters will be

considered. Hence, segmentation is unnecessary.

Classification is one of the considerable stages in HCCR process since
the performance of the recognition system depend significantly on the
designed classifier. The classification approaches are wide-ranging, but

basically from the structural aspect, they can be partitioned into three different
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groups which are radical-based, stroke-based and holistic approaches. The
holistic approaches fall into pattern matching category while the radical-based
and stroke-based approaches are categorized into structural analyzing category.
The whole categorization of the classification techniques is shown in Figure
1.5. In recent year, pattern matching approach is preferably adopted instead of
structural analyzing approach due to two main reasons. The first is that it is
much easier to recognize the whole character than to recognize its parts or
primitives when the character is greatly deformed. The second is that it is
more reliable to provide a prototype or prototypes for each Chinese character
than to create special primitive strokes or radicals when flexible adjustment to
the number of characters in the database is needed. In this research, only

holistic approaches will be discussed.

Classification Techniques

A
Radical-based Stroke-based Holistic

I |
Structural Analyzing Pattern Matching

Figure 1.5: Categorization of the classification techniques.
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1.5 Organization of Thesis

This thesis consists of six chapters and they are organized as follows.
Chapter 2 discusses about the literature review. Before introducing the new
proposed feature extraction and classification techniques, it is fundamental to
have a brief idea about how the research area of Chinese character recognition
grows over the decades. This can assist the readers which are not familiar with
this field. By learning the previously proposed methods, the readers will also
be able to make comparison between the new designed methods proposed in
this research and those classical methods. Thus, they can understand easily
about the improvement and advancement of these new proposed schemes.
Next, the detail of the new feature extraction method and new classifier will be
illustrated in Chapter 3 and 4 respectively. From these two chapters, the
structure and the whole process of the recognition system will also be
presented. Chapter 5 describes the setup of the experiment and reports the
experimental results on recognition of handwritten Chinese characters. The
efficiency of the new developed HCCR system can be validated in this

chapter. Finally, conclusion will be drawn in Chapter 6.
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CHAPTER 2

LITERATURE REVIEW

The historical background of HCCR will be reviewed in order to
understand the basic knowledge of its evolution chronologically. Studying the
classical as well as modern feature extraction and classification methods is
very crucial as to obtain the key idea of the strategies used in solving the
problems occurred in HCCR. This chapter is organized as follows. Section 2.1
introduces the historical background of feature extraction methods for HCCR
and the detail of them will be illustrated in Section 2.2. On the other hand,
Section 2.3 describes the historical background of classifiers for HCCR. The
main concept and procedure of those previously proposed classifiers will be
presented in Section 2.4. Lastly, the whole chapter 2 is summarized in Section

2.5.

2.1  Historical Background of Feature Extraction Methods

Feature extraction methods, also known as pattern representation
schemes, of input pattern and database are of particular importance since the
classification method depends largely on them. As stated in Zeng et al. (2006),
feature extraction methods for online handwriting can be divided into 2
categories: image-based extraction and shaped-based extraction. Image-based
extraction (Teredesai et al., 2002) transforms online handwriting to its image
form and computes features such as stroke direction (Kawamura et al., 1992;
Sun et al., 1991) and Gabor filter-based histogram feature (Wang et al., 2005)

by image processing methods. Whereas, shape-based extraction works directly
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on the level of temporal and discrete signal set. The extracted features usually
include local features (such as horizontal change, vertical change, angle
change and so on, with respect to the previous and successive neighboring
points) and global features (such approximate curvature, aspect ratio, linearity
and so on). On the other hand, Govindan and Shivaprasad (1990) classified the
feature extraction methods for Chinese character recognition into statistical

and structural approach.

Chinese characters are 2-D pictographic characters and intuitively,
humans recognize them by making use of their structural information. In the
early of 1970’s, researchers believe that structural approaches which capture
the 2-D structural information of Chinese characters will result in better
performance (Tappert et al., 1990). The attributed relational graph (ARG)
which is a powerful tool for the representation of the relational structure of a
pattern, is developed in the late of 1970’s (Tsai and Fu, 1979) and it has been
utilized for Chinese character recognition since 1990 (Chen and Lieh, 1990;
Lu et al., 1991). It allows variations in stroke number and stroke order.
However, the application of ARG to Chinese character recognition faces
heavy computational problem due to the large sets of Chinese characters and
complexity of the graph-matching algorithms. In order to save the
computational time, Lu et al. (1991), Chen and Lieh (1990) proposed two-
layer graphs to represent Chinese characters. In the first layer, nodes denote
the components of a Chinese character and arcs denote the relations among
these components; while in the second layer, each component of the first layer

is represented by a graph such that the nodes and arcs denote the stroke and
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the relations among these strokes respectively. This gives several smaller
graphs for each Chinese character and thus, reduces the matching time.
However, another problem about how to correctly classify the strokes of a
Chinese character arises. The wide variation of handwriting styles makes it
very difficult to extract Chinese characters successfully and precisely. Hence,
the concept of ARG has been extended to fuzzy ARG (FARG) by Chan and
Cheung (1992) to handle the fuzzy attributes, but the high complexity of the
algorithm and long computational time become the obstacles of this approach.
In 2006, Delaunay triangulation (Zeng et al., 2006) was introduced as a
feature extraction scheme. It has stronger discrimination ability since it
captures both the geometrical information and topological structure of the

characters.

In the late 1970s, feature extraction for character recognition based on
statistical approach was started (Yasuda and Fujisawa, 1979) and has attracted
high attention in 1980s (Kimura et al., 1987; Hamanaka ez al., 1993). The use
of the feature vector has achieved a great success and is well commercialized
in recent years due to its computational efficiency. Among the statistical based
feature extraction methods, the most famous one is the direction feature
(Yasuda and Fujisawa, 1979). It is widely used in offline character recognition
(Kimura et al., 1987; Kimura et al., 1997) and is now being used in online
recognition (Kawamura et al., 1992; Hamanaka et al., 1993; Nakagawa et al.,
1996). In Jaeger et al. (2003), it is named “direction histogram feature”, which
is motivated by the fact that it describes the number of occurrences for each

stroke direction. The most fundamental direction feature developed in the
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early years is 4-dimensional features, where 4 directions are defined naturally
as vertical ( | ), horizontal ( — ), diagonal (\)and anti-diagonal (/).

Besides, different ways of extracting directional features were used in
previous works. For example, in Kawamura et al. (1992) and Nakagawa et al.
(1996), 4-directional features were extracted directly from nonlinear shape
normalized (NSN) online trajectory; while in Hamanaka er al. (1993) and
Nakai et al. (2002), the features were extracted from a bitmap using an
“offline approach”. Since 1990s, the direction features were extended to 8-
direction (Liu, 2006; Bai and Huo, 2005), 12-direction (Liu and Ding, 2005)

and even 16-direction (Kimura et al., 1997).

Hidden Markov Model (HMM) approaches include both the ideas of
feature extraction and classification. Some researchers might view HMM as a
classifier, but in our literature review, we consider HMM (for examples, in the
paper of (Takahashi et al., 1997), (Nakai et al., 2001) and (Zheng et al.,
1999)) as a feature extraction method. HMM is claimed to be the most
efficient way for temporal modeling. It combines both the statistical and
structural techniques. Besides, it has many advantages like segmentation free
and easy to train (Rabiner, 1989). In fact, HMM is a directed graph with nodes
and between-node transitions measured probabilistically. It has been used in
speech recognition since 1970s (Rabiner, 1989) and has been applied to online
western character recognition since 1980s (Kundu and Bahl, 1988; Nag et al.,
1986). Only in recent years, it has been applied to Chinese character
recognition. Generally, left-right HMMs (LRHMM) are used to model the

sequence of points or line segments for substrokes (Shimodaira et al., 2003;
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Tokuno et al., 2002; Nakai et al., 2001), stroke, radicals (Kim et al., 1997), or
whole characters (Takahashi ef al., 1997; Hasegawa et al., 2000). Such HMMs
are stroke-order dependent. For character-based HMM, multiple models are
often generated to handle this problem. Whereas, for substroke-based HMM,
the character models can be constructed hierarchically and the stroke-order
variation can be represented in a variation of network (Nakai et al., 2003). To
overcome the stroke-order variation problem more efficiently, a constrained
ergodic HMM, namely path controlled HMM (PCHMM) was proposed by

Zheng et al. (1999) and this approach has been proved to be very successful.

2.2  Feature Extraction Methods

In this thesis, the feature extraction methods are categorized into three
approaches: structural, statistical and hybrid statistical-structural (Liu et al.,
2004). This categorization is illustrated in Figure 2.1. The structural
representation scheme has long been dominating the online Chinese character
recognition (OLCCR) technology, whereas the statistical scheme and the
hybrid scheme are receiving increasing attention in recent years. The detail of

each approach and some examples of it will be discussed in the next section.

[ Feature Extraction Methods ]

\ 4 v

Structural [ Hybrid statistical-structural ] Statistical

Figure 2.1: Categorization of the feature extraction models.
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2.2.1 Structural Approaches

The structural representation schemes decompose the character into
primitives (smaller segments) which act as the features of the character. The
structural approaches can be further partitioned into five levels: sampling
points, feature points or line segments, stroke codes or Hidden Markov
Models (HMMs), relational and hierarchical. The hierarchy of these five levels
is shown in Figure 2.2. To describe the pattern of the characters, the higher-
level primitives are composed of the lower-level primitives. For example, a
stroke is constructed by the line segments or sampling points, while the

relation structure takes strokes as primitives.

Hierarchical structure

v

Relational structure

v
Stroke codes / HMMs

v

Feature points / line segments

v

Sampling points

Figure 2.2: Hierarchy of structural representation schemes.

Some examples of the feature extraction method based on structural

approach are described as follows.

L. Attributed Relational Graph
Attributed Relational Graph (ARG) was first used to represent the
structural information of patterns by Tsai and Fu (1979). This feature

extraction technique was then applied to Chinese character recognition by Lu
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et al. (1991) and Liu et al. (1996). To represent the complex structure of a
Chinese character with an ARG, the straightaway way is that the nodes of the
ARG describe the strokes of the character and the arcs describe the relations
between any two different strokes. An example of the complete ARG
representation for a character pattern is shown in Figure 2.3. Firstly, the
geometric centre on each stroke of a character as shown in Figure 2.3(a) is

determined. Secondly, the stroke types are represented by nodes n_, in a

complete ARG as in Figure 2.3(b), where O=short stroke, 1=horizontal stroke,
2=vertical stroke, 3=anti-diagonal stroke and 4=diagonal stroke. Lastly, the

relations of the strokes are represented in a generalized relation matrix

1 2 3,
> i O

1 _
o s —{above/below},

R= [’?j ]m as shown in Figure 2.3(c), where = (a

1 2 3
ia;.a;€10,1,2} . Here,

a; ={lefi/right},a; ={intersect/no intersect}) and a
r;(i=1,2,...,6) are not defined and a; =2 (k =1,2,3) if the relation between

the geometric centres of two strokes is uncertain. To tolerate with handwriting
variation, the relation matrix of the Chinese characters in the database must be

designed carefully.

F s 1z Vn4 r?5 "5
; (1,2,0) | (2,1,0) | (2.1,0) [ (1.1.0) | (2.1.,0)
PR (0.2,0) (2.1.0) | {2.1.0) |(2,1.0) | (0,1.0)
ng (2’,0,0) {(2,0,0) (2.2.1) (1,2.0) (2,1.0)
e (2.0.0) | (=Z.0.0) | (2.2.1) (2.1,0) [ {0.%.,0)
s (0,0.0) | (2.0,0) | (0.2.0) | (2.0.0) 3 (0.2.0)
ng {(2.0,0) (1,0,0) {2.,0,0) {1.0,0) {(1,2,0)

Figure 2.3: (a) Geometric centre on each stroke of a Chinese character sample, (b)
Complete ARG of character in (a), (c) Generalised relation matrix of ARG in (b).
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1L Fuzzy Attributed Relational Graph

Fuzzy Attributed Relational Graph (FARG) is an improved version of
ARG which has been applied to HCCR by Chan and Cheung (1992), and
Zheng et al. (1997). Fuzzy set theory which was first introduced by Zadeh
(1965) allows the gradual assessment of the membership of elements in a set.
Such concepts are suitable for the characteristics of handwritten Chinese
characters and it describes the uncertainty in stroke types, stroke relations and

many other properties of strokes.

Figure 2.4 shows how FARG describes the structure of a Chinese
character, where R describes the relationship of its two strokes in X-axis and

U is the membership function of the stroke relation. FARG is able to reach a

far better tradeoff between precision and robustness than ARG since the
attribute set of node or arc is described with the aid of a membership function
valued in the real unit interval [0, 1], instead of binary terms (says 1 and 0
only). It can also handle both stroke order variation and stroke connection
problem. Furthermore, by using the fuzzy set concept, FARG is able to handle
handwriting variation efficiently which is of great importance. However,
learning process is needed in order to obtain the optimal attribute value,

membership function, stability factor and some other parameters.

UAN

R d :

R :

§

gl -

@ ® A

Xe:. Xs. Xs: Xe.

Figure 2.4: FARG of Chinese character ''J\'' (means eight). Refer to Zheng et al. (1997)
for more detail.
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III. Delaunay Triangulation

Zeng et al. (2006) introduced a novel feature extraction scheme for
online handwritten characters. It is based on Delaunay triangles in describing
each stroke segment. As a shape context descriptor, Delaunay triangle
descriptor captures the geometrical information and topological structure of

the handwritten characters. It also covers both local and global features. For a

constrained edge, its own information and its feature triangles on each side are

combined into a feature vector. The three main components, i.e. current edge,
left and right Delaunay triangles, involved in the feature vector are described
below.

1. For the current directional edge e, three local features are selected as its
information: (i) Edge type ¢,, (ii) Edge length [/, (ii1) Edge direction 8, .

2. For the left Delaunay triangle T, of e, five feature elements are designed:
(i) Triangle type rA, (ii) Triangle area SA, (iii) Edge length /,, (iv) Edge
length /, and (v) Opposite angle &, .

3. For the right Delaunay triangles T, of e, the same five features as for the

left triangle T, are utilized.

An example of Delaunay triangulation is demonstrated diagrammatically in

Figure 2.5 and the feature vector of AB is defined as follows.

|:tAB ’

AB B(C|,|CA BD|,

4 HAB ’ [AABC 4 (SAABC ) 4

,LACB,tA 5 A (SA pp),

B

DA ,AADBJ
@.1)

The Delaunay triangle descriptor has good discrimination power since

they satisfy the desirable properties of the Delaunay triangulation, such as (i) it
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is unique, (ii) it can be calculated efficiently in an expected linear time for a
planar region with edge constraints and (iii) noise or deformation of characters
affect it locally only. As a result, higher accuracy and stability can be achieved

if compared with other alternative feature combinations.

Figure 2.5: Feature extraction for the stroke AB and on each side are its Delaunay

triangles AABC and AABD.

2.2.2 Statistical-Structural Approaches

In a statistical-structural representation scheme, the same structure as
the traditional structural representation is taken, yet the structure elements
(primitives) and/or relationships are measured probabilistically to better model
the shape variation of input characters. In general, any structural model can be
described probabilistically by replacing the attributes of primitives and/or
relationships with probability density functions (PDFs). In Liu et al. (1993),
the mean and variance of stroke and relationship attributes are connected to
PDF representations. Besides, Gaussian PDFs have been used to illustrate the
distribution of feature points and stroke attributes in Chen et al. (1988) and

Zheng et al. (1999) respectively.

The examples of the feature extraction method based on statistical-

structural approach are illustrated below.
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I. Whole Character-based Hidden Markov Model

The theory of hidden Markov model (HMM) was initially introduced
and studied by Baum and Petrie (1966). An example of HMM with
probabilistic parameters is shown in Figure 2.6. Takahashi et al. (1997)

proposed a fast discrete HMM algorithm for online handwritten character
recognition. In the construction of HMM, let O(1) == (V,(1),V,(t)).t =1,...,T be
the observed output sequence, where V,(¢) represents the pen up or pen down
information which is already quantized and V,(f) represents the quantized
angle information. An HMM of a character H , with the set of parameters

({a,}.{n.}.{p}.7.N) is defined by the joint distribution as follows:

T-1 T
T
P({Q(t)’O(t)}t:I |H)=”Q(I)HaQ(H'l)Q(f)Hle(f)‘ﬁ(f)bé(f)Vz(f) 2.2)
t=1 t=1
where Q(t)e{qi}i1 is state, {al.j} is state transition probability, {bl.lk} and

{b}.} are output emission probabilities, {7, } is initial state probability and N is

the number of states. The set of HMM parameters is estimated by the learning
process. Since HMM naturally incorporates time evolution of a system, it is
suitable for online handwriting recognition if pen trajectories are utilized.
However, it requires very large memory if the number of character classes

and their associated models become large.

Figure 2.6: Hidden Markov model with probabilistic parameters x (states), y (possible
observations), a (state transition probabilities) and b (output probabilities).
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I1. Substroke-based Hidden Markov Model

Substroke-based HMM approach was proposed by Nakai et al. (2001).
Similar to whole character HMM, substroke HMM also has a topology of left-
to-right model illustrated in Figure 2.7. The pen-down models have three
states for each that represents different stroke velocities, whereas pen-up

models have only one state that outputs a displacement vector without self-

loop probability. Let A% :(A(k),B(k),ﬁ(k)) be the set of HMM parameters of
substroke k, where A" :{afjk)} are the state-transition probability distributions
from state S, to S, , BY :{bﬁk)(o)} are the probability distributions of

observation symbols o at state §; and P :{7[1.(”} are the initial state

probability distributions. The observation probability distribution is defined by

a Gaussian distribution given as follows.

— 1 ex _lo_'t_,lo—4 .
ey o[ 3lomm)z lomn)] @3

where p is mean vector and X is covariance matrix. The substroke HMM is
superior to the whole character HMM that the memory requirement for the
database and models is significantly small. Besides, the recognition speed of

substroke HMM can be improved by using efficient substroke network search,

Figure 2.7: Substroke HMMs: (Left) pen down model, (Right) pen up model.
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III.  Path Controlled Hidden Markov Model
An improved HMM called path controlled hidden Markov model
(PCHMM) was presented by Zheng et al. (1999). PCHMM model controls the

state transition path directly with a Path Controlling Function R(Q) on the
state sequence space and it is denoted as

2" =(A,B.7.R) 2.4)

where A is the state transition probability distribution matrix, B is the state
emission density functions vector and 7 is the initial state distribution vector.
In Zheng et al. (1999), the tie between every states of the PCHMM which
represent each standard stroke segment of a Chinese character is fixed and an
extra state describing all ligatures segments is included in the model. The main
aim of this proposed method is to keep the tie while allowing different stroke
orders. However, there is no topology of HMM that satisfies the above

property. Hence, to tackle this problem, R(Q) where Q=g¢q,...q, is
introduced.

0, <t <t,<t, <T such that S, #q, =q, #4,, 2.5)
1 otherwise '

R(ql...qT)z{

The training of PCHMM can be implemented with Z-algorithm as described in
Zheng et al. (1999). The PCHMM strengthens the description ability of
conventional left-right HMM (LRHMM) by using a path controlling function.

Unlike LRHMM, it can tolerate well with the different stroke orders.
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2.2.3 Statistical Approaches

For statistical representation approaches, the input pattern is described
by feature vector, while the database contains the classification parameters,
which can be estimated by standard statistical techniques. The feature vector
representation of character patterns enables stroke-order and stroke-number
free recognition by mapping the pattern trajectory into a 2D image and
extracting so-called offline features (Hamanaka et al., 1993). Therefore, in this
context, various feature extraction strategies in offline character recognition
can be applied to online recognition as well (Umeda, 1996; Hilderbrand and

Liu, 1993).

The following shows some examples of the feature extraction method

based on statistical approach.

L Directional Feature Densities
Directional Feature Densities (DFD) is a statistical-based feature

extraction method developed by Kawamura ef al. (1992). Let P, be the j-th
point on the i-th stroke and V;; be the vector from F; to B, that is

V.=P —P 2.6)

ij g+
Let ¢', ¢*, ¢ and e* be the elementary vectors of each of 4-directions as
described in Figure 2.8. The angle range {#|-7<6<rx} is divided into 4

sub-ranges, Q', Q°, @’ and Q*. The directional feature vector

2
i

3

i ) e

A. :(‘a1 a

ij ij

B B

is determined by using the constraint below.
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11 2.2 3 4 . 1
age +aze ,a;=a; =0 ifLV,€Q

2 2 33 4 1 . 2
ae +a.e,a.=a.=0 ifLV.eQ

V= Z 3 Z 4’ [11 Z TV 3 (2.8)
aye"+age',a;=a; =0 if LV, e Q

44 L1 2 3 _ o - 4
age +aze,a;=a, =0 ifLV,€Q

An example of this is illustrated in Figure 2.9. Next, the character is divided
into 15x15 square areas. Let R be the square at row m and column n. The

4x15x%15 - dimensional vector F is defined as follows.

F={f,11=1234mn=12..15}, where f), = > |a}| (2.9)

PUERI”"
Then, F is condensed into a 4x8x8 -dimensional vector G with a spatial

weighted filter B={b, |s,r =-1,0,1}.

G={g11=1.2,34i,j=12,....8} (2.10)

1 1
grlnn = Z Z bsrf21m—l+s,2n—l+r, Wlth fOn = me = 0 (21 1)

s=—1r=-1
The vector G is known as the DFD which describes how much of each
directional feature a character pattern has in each area. DFD is independent of

both stroke number and stroke order, but depends only on information of the

writing direction.

A= (0, BLIELD)
Figure 2.8: The four . : :
elementary vectors and the Figure 2.9: Directional feature.

angle areas.
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II. Directional Element Feature

Directional element feature (DEF) is developed by Kato et al. (1999)
and the feature is extracted from a bitmap using an offline approach. The
operation for extracting the DEF includes three steps: contour extraction, dot
orientation and vector construction. After preprocessing, contour extraction is
implemented. If a white pixel adjoins a black pixel to the upward, downward,
left or right direction, then the black pixel is regarded as on the contour. The
feature vector is extracted from the pixels of contour. In dot-orientation, four
types of line elements: vertical, horizontal, diagonal and anti-diagonal are
assigned to each black pixel. For a center black pixel in a 3xX3 mask, two

cases are considered as illustrated in Figure 2.10.

For vector construction, an input pattern is placed in a 64x64 mesh
which is first divided into 49, or 7x7 subareas of 16x16 pixels (refer to
Figure 2.11). Each subarea overlaps eight pixels of the adjacent subareas.
Then, each subarea is further divided into four regions: A, B, C and D. In order
to reduce the negative effect caused by position variation of character image,
weighting factors are defined greater at the center of each subarea and
decrease towards the edge, that is 4, 3, 2, 1 for the regions A, B, C, D
respectively. Each subarea is defined as a four-dimensional vector shown

below.
x= (%%, X3, X, ) (2.12)
where x,,x,,x;,x, represent the element quantities of the four orientations.
Each element quantity is determined as follows.
X; =4x§A)+3x§.B)+2x§c)+x§p),j:1,...,4 (2.13)
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where xﬁ.A) s ng), xﬁc) and xﬁD) denote the quantity of each element in A, B, C
and D respectively. This vector is known as DEF. To achieve a better DEF,
transformation based on partial inclination detection (TPID) (Kato et al.,

1999) can also be applied to eliminate some distortions caused by writers’

habits.

D) [ ® ) ) 2 @
® eeoe [ (e | | @ ®| | -_4
e | e e | e ®
(a) (b) (©) (d) (e) ()
® ® ® [ ®
=) ® e e o el (ee e e

® ; o e | ®
(@) (h) ® () K U}

Figure 2.10: Types of connections of black pixels. One type of line element is assigned for
center pixels in the cases of (a) - (d). Two types of line elements are assigned for center
pixels in the cases of (e) - (I).
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Figure 2.11: (a) Oriented-dot image of a Chinese character, (b) One Subarea of the
64X 64 mesh.

I11. 8-Directional Features

The feature extraction method introduced in Section 2.2.3(I) and
2.2.3(I1) is based on 4-directional features. In order to improve the feature to a
more detailed extent, 8-directional features are presented by Bai and Huo

(2005). A comparison of 4-directional and 8-directional features is illustrated

in Figure 2.12.
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Figure 2.12: A notion of (a) 4 directions and (b) 8 directions.
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f=4(1.0.0.0.0.0_.0_11)%
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Figure 2.13: Different ways of projecting a direction vector onto directional axes and the
corresponding directional ''feature values'': (a) adapted from (Kawamura et al., 1992);
(b) adapted from (Nakagawa et al., 1996); (c) adapted from (Bai and Huo, 2005).

Given a stroke point P, its normalized direction vector, Vj / ”\7] , 1S

projected onto two 4 directional axes, as shown in Figure 2.13. One is from

the directional set of {D,,D;,D,,D,} and denoted as d} and the other is from
the set of {D,,D,,D,D;} and denoted as d; . An 8-dimensional feature
vector can be formed with non-zero directional feature values a; and af
corresponding to d} and d? respectively. Whereas, feature values correspond
to the remaining 6 directions are set as 0s. Basically, there are different ways
to calculate a; and a;. (refer to Bai and Huo (2005), Kawamura e al., (1992),

Nakagawa et al. (1996)). After extracting 8-directional features from all the

points of a character, 8 directional pattern images
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{Bd z[fd(x,y)],x,yzl,Z,...,64;d:D1,D2,...,D8} can be generated as follows:

set f, (xj,yj):a; , fdz(xj,yj):af and set the values for all the other

i (x, y) as Os. Each directional pattern image is then divided uniformly into

8x8 grids whose centers are treated as locations of 8x8 spatial sampling
points. Finally, the 8x8x8=512 dimensional feature vector is formed by

using the nonlinear transformed features below.
{ Fy(x.y;).d= DI,DZ,...,DS;i,j:1,2,...,8} (2.14)

Bai and Huo (2005) have proved that using 8-directional features gives better

performance in recognition system than that of 4-directional features.

2.3 Historical Background of Classifiers

If compared to radical-based and stroke-based approaches, holistic
approaches which recognize character as a whole without preliminary
segmentation is the most popular in HCCR. For holistic approaches, the
design of classifiers is varying. During the last decades, the statistical
approaches (Jain et al., 2000), especially classifiers based on quadratic
discriminant function (QDFs) have been applied successfully to HCCR. They
become the most popular methods in the literature due to their simplicity and
robustness. Among them, the most widely used one is the modified quadratic
discriminant function (MQDF) proposed by Kimura et al. (1987) and it makes
a vital part in the reported high accuracy classifiers. Compared to the ordinary
QDF, the MQDF reduces the computational complexity and meanwhile
improves the generalization performance by replacing the eigenvalues in the

minor subspace of each class with a constant. However, for memory limited
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hand-held devices, MQDF classifier still faces parameter complexity problem
for large Chinese character set. Thus, to overcome this problem, compact
MQDF was developed by Long and Jin (2008). Furthermore, other improved
versions of QDF also emerged in recent years, which include discriminative
learning quadratic discriminant function (DLQDF) (Liu, 2006), regularized

discriminant analysis (RDA) (Kawatani, 2000) and so on.

Although the quadratic classifiers mentioned above perform fairly well
in HCCR, they fail to discriminate all classes well, especially similar
characters. Thus, neural network (NN) classifiers (Fu and Xu, 1998; Saruta et
al., 1996) and support vector machine (SVM) (Burges, 1998; Dong et al.,
2005; Kilic et al., 2008) which are appropriate for discriminating subset of
similar characters were developed. Normally, the classifiers for subset of
classes are more preferable than the all-class classifiers due to the lower
separation complexity. Before discriminating the subset of similar characters,
this particular subset can be determined in advance according to nearest
neighbor rules or using a coarse classifier. Probabilistic decision-based NNs
are designed by Fu and Xu (1998) for discriminating groups of classes divided
by clustering. Each network is trained by using the samples of the class in a
group. Other alternative versions of NN are based on learning vector
quantization (LVQ) algorithm and decision surface mapping (DSM) algorithm
proposed by Romero et al. (1997), and geometrical approach proposed by Wu
et al. (2000). Dong et al. (2005) used SVM in HCCR to classify one class
from the others. He designed SVM trained on all the samples for each class by

using a fast algorithm. For SVM, the training complexity can be reduced via
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training with the samples of one class (positive samples) and its similar classes
(negative samples) only, as done by NN classifiers in Saruta et al. (1996).
Despite the high discrimination ability of NN and SVM classifiers in
differentiating subsets of similar characters, the subsets of classes must be

fixed in most of the cases.

Another well-known classification technique used to differentiate
similar characters is compound Mahalanobis function (CMF) which was
developed by Suzuki et al. (1997). This CMF can be viewed as a pairwise
classifier. It calculates a complementary distance on a one-dimensional
subspace (discriminant vector) for a pair of classes. The complementary
distance is then used to further discriminate the similar classes. However, the
decision boundary between similar classes is so complicated that using only a
discriminant vector on one-dimensional subspace is insufficient. Hence,
Hirayama et al. (2007) proposed Difference Subspace based Compound
Mahalanobis Function (DS-CMF), which treats difference between two
similar classes as a multi-dimensional projective space. This has improved the
conventional CMF by further emphasizing the difference of similar classes
and thus, achieved higher accuracy in recognition. On the other hand,
asymmetric Mahalanobis distance (AMD) is another improved classifier

which is under the category of Mahalanobis distance (MD) classifier.

Furthermore, from the perspective of training process, there are two
different types of classifiers which are discriminative classifiers and

generative (or model-based) classifiers. Discriminative approaches (Bahlmann
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et al., 2002) deal with the problem of between class variations during training
stage and try to construct decision boundaries to distinguish classes. On the
other hand, generative approaches (Bahlmann and Burkhardt, 2004; Mitoma e?
al., 2004) attempt to model the variations within a class during training
process, so that these variations may be de-emphasized while computing the
similarity of the test sample to that class. An example for discriminative
classifier is Neural Network classifier while Dynamic Time Warping (DTW)

is the example of generative classifier.”

2.4  Classifiers
In this section, some classifiers based on holistic approaches which

have been proposed in HCCR, as mentioned above will be discussed.

2.4.1 Quadratic Discriminant Function
Let n be the dimension of feature vector and the probability density

function of n-dimensional normal distribution is

p(x)= — exp{—%(x—u)t E’l(x—u)} (2.15)

1

nl/2
(27)"" x|
where x is an n-dimensional vector, p is the mean vector and X is the nxn

covariance matrix. As stated in Omachi et al. (2000), the quadratic

discriminant function (QDF) is derived from Equation (2.15) as below:

g(x)=(x—p) £ (x—p)+log ||

: 2
n X_ . n
_g ) ;M) +3log 2.16)
i=1 i i=1
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where A, is the ith eigenvalue of X (sorted in descending order) and ¢ is the

eigenvector that corresponds to /.

| Modified Quadratic Discriminant Function

The modified quadratic discriminant function (MQDF) is originally
proposed by Kimura et al. (1987). It is a modified version of the ordinary QDF.
It reduces the complexity of QDF by replacing the minor eigenvalues of

covariance matrix of each class with a constant. MQDF is defined as

2

di(x)=i%[¢;(x—,ui)} + i ;[ X— /1, ] +Zlog ,+(D-K)logd,

j=K+

1 K o
:E("X_MW _Z(l—/i—’)[@f(x—ﬂi)] J+Zlogﬂij +(D-K)logd,
i J=1 i J=1

(2.17)
where X =(x,,x, x;,...,x,)" denotes a d-dimensional feature vector for input
character pattern, 4 is the mean of ith class for i =1,2,...,M such that M is
the number of classes, 4, denote the descending order eigenvalues of the ith
class covariance matrix X, for j=1,...,Dsuch that D is the dimension of z,
¢, are the ordered eigenvectors, &, is constant replacing the minor

eigenvalues and K denotes the number of dominant eigenvectors. The

Equation (2.17) utilizes the invariance of Euclidean distance:

2

dp(xow) =[x -] =D [ (x-p,)] (2.18)

Jj=1

v}

X is assigned to ith class if d,(x) yields the largest numerical value. Although

omitting the minor eigenvectors in MQDF can improve the performance of

classification in term of storage space and speed, it still faces the parameter
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complexity problem for large character set recognition. Hence, it is not

practical to apply it directly into the memory limited devices.

1L Compact Modified Quadratic Discriminant Function

To overcome the parameter complexity problem of MQDF mentioned
in Section 2.4.1(I), Long and Jin (2008) have developed a compact MQDF
which reduces the storage of the ordinary MQDF classifier by combining
linear discriminant analysis (LDA) and subspace distribution sharing.

In practice, the feature vector is usually compressed to a smaller size
by LDA (Liu and Ding, 2005) before using MQDF. However, it is still not
small enough for most of the memory limited embedded devices. Hence, a
kind of vector quantization (VQ) is applied to the classifier by Long and Jin
(2008) to further compress the dominant eigenvectors of each class. For each
class w;, the dominant eigenvector matrix ® =[g,.....¢,| with ¢,(j=1,...,K)
is partitioned into subspace eigenvector matrix, i.e. each D-dimensional

eigenvector @, is equally partitioned into Q sub-vectors ¢,.¢7,...,¢7 with D,
dimension, where D=D,xQ. Then, a general statistical model is determined for

the distributions of all the sub-vectors. By using Linde-Buzo-Gray (LBG)
clustering algorithm (Linde ef al., 1980) in subspaces of the parameters, the
sub-vectors Qj(izl,...,M,j:1,...,K,q:1,...,Q) are clustered into a small
set of L prototypes. Each original subspace eigenvectors is then presented by
its nearest prototype. The block diagram of the recognition system using the
compact MQDF classifier is illustrated in Figure 2.14. This method can be a

general compressing method for any classifier.
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Figure 2.14: Block diagram of the recognition system using thé éoﬁipact MQDF classifier.

III.  Discriminative Learning Quadratic Discriminant Function
Although MQDF can reduce the computational complexity and
improve classification performance compared to the original QDF, it fails to
perform well for classes which are not in Gaussian distribution. In order to
overcome this problem, the parameters of MQDF can be optimized on training
samples by optimizing the minimum classification error (MCE) criterion
(Juang and Katagiri, 1992). This optimized discriminant function is known as
discriminative learning QDF (DLQDF). It was applied to HCCR by Liu

(2006) and obtained a promising result.

Let x be the input feature vector and w, be the character class. The

parameters of DLQDF, i.e. mean vector, eigenvalues and eigenvectors are
updated iteratively on a training sample set to minimize the empirical loss.
The empirical loss is summed up over a training sample set. To constrain the
motion of parameters, a regularization term related to maximum likelihood

(ML) is added to the empirical loss function:
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L&, (o ,
L= Y[ (") +ady (x".w,) (2.19)

n=1

where dQ(x”,wC) is quadratic distance between input feature vector and

genuine class, [, (x") is empirical loss, and « is regularization coefficient. In

the learning process for parameters of DLQDF, eigenvalues are kept positive
by transforming them into exponential functions and eigenvectors of each
class are kept orthonormal by Gram-Schmidt orthonormalization. For more

detail, ones can refer to Liu ef al. (2004).

IV. Regularized Discriminant Analysis

One of the methods that have been proposed to solve QDF problems is
the Regularized Discriminant Analysis (RDA) which is presented by Kawatani
(2000). In fact, RDA (Friedman, 1989) is a determinant normalized QDF. In
RDA, the influence of parameter estimation errors or determinant errors was
reduced through regularization, i.e. normalizing the determinants of the
covariance matrices. This is done by the combination of each class covariance

matrix with the pooled matrix and biasing eigenvalues.

Let X, (B) and X/ be the covariance matrix of class k after

regularization and the pooled covariance matrix respectively. Kawatani (2000)

proposed i‘.k ( /) to be defined as below:

L, (B)=pE+(1-8)Z, (2.20)
Moreover,

E (B.7)=Z,(B)+(1=7)cl (2.21)
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where ¢ is a constant. Equation (2.20) represents the combination of
covariance matrix of class k with the pooled matrix while Equation (2.21)
represents the biasing of eigenvalues. More detail about RDA can be found in

McLachlan (1992) and Friedman (1989).

RDA gains better recognition rate due to the normalization of
determinants of the covariance matrices. Besides, RDA requires less memory
to achieve high accuracy. However, this method is currently an empirical

method and the theoretical analysis still remains as a problem for the future.

2.4.2 Support Vector Machine

Support Vector Machine (SVM) is developed by Vapnik (1999). It
operates under the principle of structural risk minimization rule. It was
originally designed for binary classification (two class pattern classification)
with the goal of finding the optimal hyperplane, so that the margin of
separation between the negative and positive data set will be maximized. Gao

et al., (2002) proposed the use of SVM in HCCR.

Denote{x,,y,},i=1,2,...,k to be the training samples, where x, € R"
is the training vector and y, € {-1,1} is its corresponding target value. With

the input pattern x , the decision function of binary classifier is

f(x)=sgn {Zk: v, K(X,X;) +bj (2.22)

i=1
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1 for u>0

where sgn(u) :{ , k is the number of learning patterns, b is a bias,
—1 for u<0

¢, is the Lagrange multiplier of the optimization problem discussed below and

K (x,x,) is a kernel function which defined as

K(x,X,) = $(x) §(x,) (2.23)
The kernel function is needed to transform the pattern into a higher
dimensional space where a hyperplane can be used as the nonlinear decision
boundary. Some common kernel functions include polynomial kernel,

Gaussian radical basis function (RBF) kernel and sigmoid kernel which are

shown in Equation (2.24), (2.25) and (2.26) respectively.

K(x.x,)=(x-x,+1)" (2.24)
K(x,x,)= exp[wj (2.25)
s A B .

20
K(x,x,) = tanh (ax X, +r) (2.26)

In polynomial, the kernel is called linear if p=1 while if p=2, it is called
quadratic kernel. For RBF kernel, the kernel width o is estimated from the
variance of the sample vectors. The sigmoid kernel is equivalent to two-layer
perceptron neural network. a can be viewed as a scaling parameter of the input
pattern and r as a shifting parameter that controls the threshold of mapping
when a >0. The decision function in Equation (2.22) can be determined via
training. Boser et al., (1992) stated that training SVM for pattern recognition

problem can be formulated as the quadratic optimization problem:
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l
maximize: Z(Zi —%aTQu (2.27)
i=1
1
subjectto: 0< e, <C,i=1,...,] and Zyioai =0
i=1

where @ is a vector of length / and its component ¢; corresponds to a training
sample {x,,y,} , Q is an /x/ semidefinite kernel matrix and C is a

regularization parameter that controls the tolerance of classification errors in

training. The training vector X, whose corresponding ¢, is nonzero is known

as support vector. It constrains the width of the margin that separates two
classes. With the support vector, the decision function and the optimal
hyperplane can be obtained. Since the training kernel matrix grows
proportionally with data set, training SVM on large data sets is a very time-

consuming and thus a fast training algorithm (Dong et al., 2005) is needed.

2.4.3 Mahalanobis Distance

The Mahalanobis Distance (MD) (Pinho et al., 2007) is a standard
approach used in data association for tracking features along image sequences.
MD, also known as a statistical distance, is a distance which each of its

components takes their variability into account when determining its distance

to the corresponding centre. For two points X, =(x,,%,,...,x,) and

> ni

Y: = (Y Yais---» Yo ) » the MD is given as follows:

dy =J(xi -y,) €' (x,-y,) (2.28)

is a non-singular covariance matrix.

nxn)

where C(
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L Compound Mahalanobis Function

The Compound Mahalanobis Function (CMF) has been constructed by
Suzuki et al. (1997) to clearly differentiate the similar characters. It is a
compound discriminant function which improves the performance of the
ordinary Mahalonabis Distance (MD), by projecting the difference of the
class-mean feature vectors of two similar classes onto a certain subspace such

that the difference between two similar classes is obviously appears.

Let Q, and Q, be the two similar classes. Denote the eigenvalues of

the covariance matrix of class Q, as A,4,,---4, where 4 >24,,,i=12,---,d -1

and the eigenvectors which corresponds to A as ¢ . By adding the mean of
eigenvalues of all class to each eigenvalue as bias b and transforming non-
dominant eigenvectors @, p+1<i<d,p=12,...,d -1 to the subtraction-form
of Euclidean Norm approximating 4 [ b(i 2 p+1) , the CMF for class Q, is

defined by Suzuki et al. (1997) in the form shown below:

v {g! (x—u)}2
CMF (x,u) =)’

1 s S
,»_ITW{”X—HII -2 {of x-w} }

L {QTal}z 1 2 & e 12
+| Y T +Z{”61" {4 al}} (2.29)

i=k+1 G i=1

T . . .
where x:(xl,xz,---,xd) is an input character pattern, u is a class-mean
vector of class Q,, u is the weighting parameter and 6, is a projective

vectors for ©, as shown in the following:
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k

(u=v)-2{¢" (u-v)}s

8 ={y" (x-u)}y. y/:\/ =1 (2.30)

o=l =2 {ef (w-v)f

where v is a mean vector of Q, and y is a unit vector obtained by projecting
the difference vector of class-mean vectors (u—v) onto a subspace

constructed by @,,,,4,,,,---,¢, and normalizing the length to 1.

CMF, as a fine classifier, stores no extra parameter in addition to the
coarse classifier. Although previous works (Liu and Ding, 2005; Suzuki et al.,
1997; Nakajima et al., 2000) have proved outstanding recognition
performance in CMF, it has two drawbacks. Firstly, discriminant vector for
two classes is not optimized. Secondly, the calculation for discriminant vector
during recognition is time-consuming despite no extra parameters is involved

in CMF.

IL. Difference Subspace based Compound Mahalanobis Function

The conventional CMF which is based on a difference vector of two
class-mean vectors is still inadequate to illustrate the difference information
between similar characters. Therefore, Hirayama et al. (2007) proposed
Difference Subspace based Compound Mahalanobis Function (DS-CMF) that
expands the original CMF by using the concept of “Difference Subspace”. A
difference vector d is a difference of two particular vectors with single
dimension while Difference Subspace is an extension of difference vector to

multi dimension as diagramed in Figure 2.15.
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Figure 2.15: Difference subspace.

Let P, Q be projection matrices of similar character classes €, and

Q, respectively, and G be the sum of these matrices as defined below:

Ny Ny
P=>4¢", Q=Y 00 (2.31)
i=1 i=1
G=P+Q (2.32)
where ¢ and ¢, are eigenvectors which construct the subspaces of €, and
Q, respectively. N, eigenvectors which corresponds to the N, greatest

eigenvalues are common space of two similar classes whereas the remaining

N,x2—N, eigenvectors which corresponds to the smallest eigenvalues are
difference space. Among the N, X2 eigenvectors d,,d,,....dy ,, ,.d, , of G,

Difference Subspace D is defined as follows:
D= (de+1’de+2" . ’dN,,xz—l’dN,,XZ) (2.33)

The Mahalanobis Distance on the Difference Subspace is determined by
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(2.34)

where x is an input character pattern, u is a class-mean vector of class

and A are the variances of d,. By making linear combination of Modified

Mahalanobis Distance and correction term in Equation (2.34), DS-CMF for

class €, is defined as follows:

Sy o R

DS-CMF, (x,u :z
(2.35)

i=1 i

It has proved that the Difference Subspace used in the DS-CMF is more
efficient as a discriminant feature space than a projective space constructed in
CMF because the difference of similar characters can be emphasized by using

multi-dimensional difference vectors.

III.  Asymmetric Mahalanobis Distance
Since majority of the distribution of the samples is asymmetric rather
than normal, Mahalanobis distance (MD) is no longer a suitable function for it.

Hence, asymmetric Mahalanobis distance (AMD) is proposed by Kato et al.

(1999) to describe an asymmetric distribution. Denote viovi v

i

A :(vf,v;,...,v;) be the n-dimensional feature vectors for the samples of a

class, where N is the number of samples. Let p be the mean vector of these

samples, ﬂj and ¢, be the jth eigenvalue and jth eigenvector of the covariance

matrix of this class. To illustrate the asymmetric distribution, quasi-mean 7 i
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2 2
quasi-variance (0';) and ( ]") are required. This asymmetric distribution is

described in Figure 2.16. Based on this distribution, AMD is defined as

follows.

dAMD(V)Zi;:(&);erb(v—ﬁ,;/)j)2 (2.36)

. oy if(v—ﬁ,¢j)20
where b is a bias, ﬁ:Zn%j@ and 6, :{ . Although a
= OA']f otherwise

high recognition rate is obtained by using AMD, characters with extreme noise

or blur characters can be misclassified easily.

%

Figure 2.16: The asymmetric distribution on an axis described with quasi-mean and
quasi-variance.

2.4.4 Neural Network Classifiers

Since the late 1980’s, application of neural network (NN) to
recognition of handprinted digits, characters and cursive handwriting have
become a very famous area (Garris et al., 1998). Basically, the decision
function of NN is based on the weighted sum of its input and the perceptron

model for two pattern classes is as follows:

d(x) =D wx, +w,,, (2.37)

i=1
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where Xx=(x,x,,...,x,) 1s the input pattern and the -coefficients

>n

w,i=12,...,n,n+1are the weights. The decision function of NN classifiers is

i
determined via training. Figure 2.17 shows schematically the perceptron
model for two pattern classes. The NN classifiers can also be extended to
recognition of multiclass. The most useful characteristics of NN classifier are
their ability to learn from examples, their ability to operate in parallel and their

ability to perform well using data that is seriously deformed.

n

Pattern
vectors L : . 2
x ; 1 d(x)>0
e -1 d(x)<0
Activation element
| i Weigﬁts :
Figure 2.17: The perceptron model for two pattern classes.
L Nearest-neighborhood based Neural Networks

The two commonly used neural network classifiers based on nearest-
neighborhood approach are Learning Vector Quantization (LVQ) and
Decision Surface Mapping (DSM). These two neural classification schemes
were applied to Chinese character recognition by Romero et al. (1995). The
difference between them is their training algorithms that are used to determine

the prototype. For both LVQ and DSM, the frequency of occurrence of a
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character has a strong correlation with its recognition rate. However, LVQ and
DSM algorithms lack of confidence measure on the classification results,

causing the generated prototype in the training process less reliable.

LVQ was developed by Kohonen (1988) and was viewed as a method
of vector classification. By using a fixed number of class prototypes, firstly,
the nearest prototype to the current exemplar is found. If the prototype and the
exemplar are from the same class, move the prototype closer to the exemplar;
if they are from different class, move the prototypes away from the exemplar.

Direction of the movement is defined by the line joining the two vectors.

Geva and Sitte (1991) proposed DSM algorithm which is a refinement
of LVQ algorithm. In the training process, prototypes that are located well in
the class are untouched by the DSM algorithm while those located less
centrally are moved by both intra-class and extra-class exemplars until they lie
right on the class boundary. DSM algorithm allows the creation of new
prototypes which will be located at the position of the incorrectly classified

exemplar if the ratio of the distance exceeds a threshold.

II. Probabilistic Neural Networks

Probabilistic Neural Networks (PNN) which have the advantages of
both neural networks and statistical approaches were applied to HCCR by
Romero et al. (1997). The PNN implementation attempts to model the actual
probability distributions of classes by using mixtures of Gaussians. Different

from the original NN, three sets of values are computed in PNN: the mean for
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the component of each class, the mixing proportions for the individual
components and the final within-class covariance matrix. The decision

function of classifying exemplar x to class j is defined as follows:
G/
d,(x)=>7,p;(x) (2.38)
i=1
where
—N/2 | -1/2 1 S
py(0=(27)" |z exp{—;(x—,uij) ) ‘(x—ﬂl.j)} (2.39)

with g, be the ith component mean for class j, 7, be its mixing proportions,

X be the final within-class covariance matrix and Gj be the number of

Gaussian components used to model class j. This decision function is
implemented under assumption that the costs of choosing any of the characters
incorrectly are the same. Same as the LVQ and DSM algorithms, the accuracy
of the recognition system is also dependent on the character occurrence rates.
For PNN, the computation of confidence measures on the classification results
is available, but the number of mixtures of Gaussian distributions is fixed.
Hence, it is not very efficient for the representation of Chinese character

distributions since Chinese characters pose high stroke complexity.

III.  Self-growing Probabilistic Decision-based Neural Network

The Self-growing Probabilistic Decision-based Neural Network
(SPDNN) is a probabilistic variant of the original PNN. It was developed by
Fu and Xu (1998). Instead of fixed number of mixtures of Gaussian
distributions, the discriminant function of a SPDNN uses a flexible number of

mixtures of Gaussian distributions for each different character.
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Each subnet of an SPDNN is designed to represent one character class.
Due to the flexible number of clusters in a subnet of SPDNN, the subnet
discriminant functions are designed in a log-likelihood model for different

handwritten characters. Given an D-dimensional input character pattern

x=[xx, x,]", the discriminant function of the multiclass SPDNN models
the log-likelihood function as shown below:

P(x,w,)=log p(xIw,)

=log iP(@n Iw,) p(x1w,.0,) (2.40)

r=1
T .
where w, :{ur,Zr_,P(Gr_ le.),ﬂ} I, Z[ﬂrlqﬂﬂ,...,ﬂw] is the mean
vector, diagonal matrix £, =diag[o?’,,0.,,...,0.,] is the covariance matrix,
P(G)rv th.) denotes the prior probability of the cluster 7, T, is the output

threshold of the subnet i, p(xlwl.,@,i) represents one of the Gaussian

distribution that comprise p(xlw,) and ©, represents the parameter —set

R;
{l‘r,’zr[} for a cluster 7 in subnet I. By definition, ZP(®n~ lw,)=1, where

r=1
R, is the number of clusters in w,. In this case, the likelihood function

p(xlw,) for character class w, is assumed to be a mixture of Gaussian

distributions and p (x I wl.,®,i ) is defined as follows:

1
p(xiw.© )=t
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A SPDNN with K subnets that are used to represent a K-category classification

problem as presented in Fu and Xu (1998) and is illustrated in Figure 2.18.

Although SPDNN is able to perform well in recognizing distorted handwritten

characters, the computation complexity is high when dealing with high-

dimensional features and this will decelerate the speed of the recognition

system greatly.

Recognition Result
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Figure 2.18: Schematic diagram of K-class SPDNN character recognizer.

Geometric Approach based Neural Networks

Motivated by new designed neural networks proposed in Zhang and

Zhang (1999), Wu et al. (2000) built a neural network based on geometrical

approach. This network scheme has a special name called CSN network which

stands for “covering with sphere neighborhoods”. The CSN network is closely

related to M-P neuron model which each M-P neuron corresponds to a sphere
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neighborhood on the sphere surface. Hence, it is necessary to understand the
geometrical representation of M-P neuron model briefly in order to implement
CSN algorithm. An M-P neuron is an element with » inputs and one output.

The general form of its function is shown below:

y=sgn(W'X-y) (2.42)

where X:(xl,xz,...,x”)T is an input vector, W:(wl,wz,...,wn)T is the
weight vector, ¥ is the threshold and sgn(v)=1if v>0, or else sgn(v)=-1.
Without loss of generality, it can be assumed that all input vectors are
restricted to an n-dimensional sphere surface S". W'X-y =0 can be

interpreted as a hyper-plane P, so W' X — >0 represents the intersection

between S" and the positive half-space partitioned by the hyper-plane P. This

intersection is called “sphere neighborhood” as shown in Figure 2.19.

The basic idea of CNS algorithm is to transform the design of a neural
network classifier to a training sample covering problem. In this case where

the input vector is not covered by any sphere neighborhood, Wu et al. (2000)
defined a membership function . (X), where X is an input vector and C is a
set of sphere neighborhoods. Wu et al. (2000) defined that g (X)=1 if X is
covered by any of the sphere neighborhoods in set C, otherwise
U (X)=1/(dist(X,C)xM ), where dist(X,C) is a distance function between
X and C while M is a positive integer whose value is large enough such that

1/(dist(X,C)xM ) is smaller than 1. The whole process of a CSN network

with K-class is shown schematically in Figure 2.20. When determining an
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input vector X ’s class, the function of the CNS network is essentially to select
the corresponding geometrical area whose value of membership function is
maximum among all the regions. In order to make the efficiency of CNS
network holds, the construction of sphere neighborhood and definition of the

distance function must be determined optimally which these are not easy tasks.

Figure 2.19: A sphere neighborhood.

Recognition Result = 1
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O
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Input Vectors X

Figure 2.20: Schematic diagram of K-class CSN network (C(i),1<i < K, the ith set of
sphere neighborhoods corresponding to the ith class).
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2.4.5 Other Classifiers
Below are the simple classifiers based on distance measures which are

commonly used in character recognition.

I. Minimum Distance Classifier
One way to determine the class membership of an unknown input
character a is to assign it to the character class of its closest prototype. To

determine the closeness, Euclidean distance is used:
D(a)=|a—b,| foraclass b, i=12,....M (2.44)
where ||h|| :(hTh)U2 is the Euclidean norm. Without loss of generality, it is

equivalent to evaluating the functions
d¥’(a)=a'b, —%bfbi (2.45)

Equation (2.52) is, therefore, the discriminant function of minimum distance
(MD), as mentioned in Gonzalez and Woods (1993). MD classifier was used

in the application of Chinese character recognition by Senda et al. (1995).

1L City Block Distance with Deviation Classifier

Let D-dimensional input character to be a=(a,a,....,a, )T and M

character classes in database to be b,,b,,....b,,, where b, =(b,,b,,,....b,, )T for

i=12,....,M . As stated in Kato et al. (1999), city block distance with

deviation (CBDD) is defined as

A (a) = i max {0,
j=1

a; —bij‘ —HDS‘U} for a class b, (2.43)
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where s, denotes the standard deviation of jth element, and 6 is a constant.

The most important property of Equation (2.43) is that the variations of
handwritten characters are being taken account in the city block distance

measure.

III. Dynamic Time Warping Classifier

Dynamic Time Warping (DTW) (Kruskall and Liberman, 1983;
Eamonn and Michael, 2001) is an algorithm for measuring similarity between
two sequences which may vary in time. It is known to be useful in online
handwriting recognition as proposed in Sridhar et al. (1999), Niels and
Vuurpijl (2005). Suppose that S =(s,,s,,5;,...,5,) and R' =(r',r/,r',....;r,")

are time series of input character and of character from class / in database

respectively, where [ =1,2,...,k and k is the number of character classes in
database. DTW measures the similarity of these two time series (S,R') in

term of the distance between S and R' after they have been warped together.
The value of DTW distance for each class is determined by minimizing a

cumulative cost which is defined by the Euclidean distances between all
matches (si,rjl) . The character (or class) in database which gives the
minimum DTW distance is the recognized character. Due to the quadratic time
and space complexity O(nm) , standard DTW faces computing time and

memory space problems, which limit its practical use especially in online
handwriting recognition. To solve this problem, there are some approaches to

speed up DTW as described in Vuori et al. (2001), Bashir and Kempf (2008).
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2.5 Summary

In the whole, chapter 2 reviews the past researches on HCCR that have
been done over the years. This chapter is separated into two main parts, which
are (i) historical background of feature extraction methods and (ii) historical

background of classifiers.

The former part describes the classical and modern feature extraction
techniques that have been proposed since last few decades. Basically, the
feature extraction methods can be partitioned into three different approaches:
(i) structural approaches, (ii) statistical approaches and (iii) statistical-
structural approaches. Structural approaches focus on the structural
information of Chinese characters. It is stroke number and stroke order
independent but it faces computational problem due to the large sets of
Chinese characters and complexity of the graph-matching algorithms;
statistical approaches which make use of the feature vector have been proved
to be computational efficiency, however, some of them fail to tolerate well
with character deformation problem due to their dependency on the
information of writing direction; Hidden Markov Model (HMM) is the
representative feature extraction method for statistical-structural approaches. It
is the most efficient way for temporal modeling but the learning process has
caused large time and storage space consumption. For each approach, some
examples of the popular feature extraction methods are selected and illustrated

in detail. They are summarized in Table 2.1.
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The latter part presents the previously proposed classifiers which are
based on holistic approaches. In this thesis, the classifiers are categorized into
four groups: (i) quadratic discriminant function (QDF), (ii) support vector
machine (SVM), (iii) Mahalanobis distance (MD) and (iv) neural network
(NN) classifiers. QDF is the most famously used classification method in
HCCR due its simplicity and robustness, but they fail to discriminate similar
characters. Whereas, SVM, MD and NN classifiers are appropriate in
differentiating the similar characters. Despite of high accuracy rate, all these
classifiers cannot be applied to the hand-held devices directly due to the
parameter complexity problem. Hence, simple classifiers such as minimum
distance (MD) classifier and city block distance with deviation (CBDD)
classifier are sometimes more preferable for the memory limited devices.
Furthermore, dynamic time warping (DTW) classifier which is based on
similarity match of time series is also largely used specifically for online
handwriting recognition. For brief understanding, the readers can refer to the

summary of these classifiers in Table 2.2.
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Table 2.1:

Summary of some feature extraction methods.

Feature Extraction Testing Recognition
Year Authors Methods Property Samples Rate (%)
Structural Approaches
1996 | Liu et al. ARG Represent the complex structure of a Chinese | 320 Chinese 98.90 (for
character by ARG, such that the nodes of the | characters correct stroke
ARG describe the strokes of the character and | collected from | number), 94.20
the arcs describe the relations between any two | 8 writers (for stroke
different strokes. number
variations)
1997 | Zheng et al. FARG Is an improved version of traditional ARG which | 3755 Chinese | 98.80
uses fuzzy set to describe the attribute set of | characters
node or arc. collected from
6 writers
2006 | Zeng et al. Delaunay Associates a unique topological structure with | 5073 92.06
Triangulation handwritten shape wusing the Delaunay | character
triangulation. It has strong geometrical | samples
information also, and covers both the local and
global features.
Statistical-Structural Approaches
1997 | Takahashi e | Whole Character- Construct a discrete left-right HMM (LRHMM) | 881 Kanji 90.00
al. based HMM model for each character, with the set of | characters
parameters: state transition probability, output | collected form
emission probabilities, initial state probability | 5 writers
and the number of states. These parameters are
estimated by the learning process.
1999 | Zheng et al. PCHMM Is an improved version of the conventional | 3755 Chinese | 95.52

LRHMM that solves the stroke order variation
problem by controlling the state transition path
directly with a Path Controlling Function R(Q)

on the state sequence space.

characters
collected from
7 writers




Y

2001

Nakai et. al.

Substroke-based
HMM

Is the extended version of the Whole Character-
based Hidden Markov Model (HMM), which
reduces the amount of training samples, and
memory requirement for database and model for
each character. Besides, the adaption to writer
can also be implemented easily with a few
sample  characters  provided by  user.
Furthermore, the recognition speed can be
improved by using efficient substroke network
search.

1016 Kanji
characters
collected from
49 writers

95.34

Statistical Approaches

1992

Kawamura et
al.

DFD

Extract feature from the online trajectory which
is independent of both stroke number and stroke
order, but depends only on information of the
writing direction (4 directional line elements are
defined: vertical, horizontal and diagonal and
anti-diagonal). It uses the concept of ‘density’ to
describe how much of each directional feature a
character pattern has in each segmented area of
the character image.

2965 Kanji
characters
collected from
10 writers.

91.78

1999

Kato et. al.

DEF

Extract feature from the bitmap using an offline
approach. It includes three steps: contour
extraction, dot orientation and  vector
construction.

2965 Kanji
characters
collected from
20 writers.

99.42

2005

Bai and Huo

8-Directional Feature

Is an extended version of 4-directional feature.
The direction vector of a stroke point is
projected onto two 4 directional axes, resulting
in 8 directional feature. It is followed by locating
spatial sampling points and extracting blurred
directional feature by using Gaussian filter.

3755 Chinese
characters
collected from
100 writers

84.57

Remark: Kanji characters in Japanese are the same as Chinese characters.
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Table 2.2: Summary of some classifiers.

ope Recognition
Year Authors Classifiers Property Data Set Rate (%)
Quadratic Discriminant Function (QDF)
1987 | Kimura et al. MQDF Improves recognition accuracy and reduces the | *HCL2000 97.97
complexity of QDF by replacing the minor
eigenvalues of covariance matrix of each class with a
constant.
2000 | Kawatani RDA Reduces the influence of parameter estimation errors | 2,965 Kanji 98.08
in QDF through normalizing the determinants of the | characters,
covariance matrices, which this is done by the | with 570
combination of each class covariance matrix with the | handwritten
pooled matrix and by biasing eigenvalues. samples
2006 | Liu DLQDF Is updated version of the MQDF which overcomes the | **ETL9B, 99.39, 98.43
non-Gaussianity of probability densities problem and | ***CASIA
optimizes the parameters of MQDF through
optimizing the minimum classification error (MCE).
2008 | Long and Jin Compact Compresses the storage of the original MQDF | *HCL2000 97.74
MQDF classifier by using a method which combines the
linear discriminant analysis (LDA) and subspace
distribution sharing.
Support Vector Machine (SVM)
2002 | Gao et al. Polynomial- Is helpful in discriminating similar characters by | *HCL2000 96.55
based SVM transforming the sample pattern into a higher
dimensional space where a hyperplane can be used to
do the separation. The transformation is performed by
using polynomial kernel.
2002 | Gao et al. RBF-based The transformation is performed by using Gaussian | *HCL2000 96.60
SVM radical basis function (RBF) kernel. The kernel width

is estimated from the variance of the sample vectors.




L9

2002 | Gao et al. Sigmoid- The transformation is performed by using sigmoid | *HCL2000 96.85
based SVM kernel. It is equivalent to two-layer perceptron neural
network.
Mahalanobis Distance (MD)
1997 | Suzuki et al. CMF Improves the discriminant performance of the | **ETL9B 93.72
ordinary Mahalonabis Distance (MD), by projecting
the difference of the class-mean feature vectors of two
similar classes onto discriminant subspace that the
difference between two similar classes is obviously
appears.
1999 | Kato et al. AMD Is a new probability density function that can be used | **ETL9B 99.42
to describe pattern classes of asymmetric distribution.
2007 | Hirayama et al. | DS-CMF Expands the original CMF using Difference Subspace | **ETLI9B 94.01
(difference of two subspaces) and it treats difference
between two similar classes as a multi-dimensional
projective space.
Neural Network (NN) Classifiers
1995 | Romero et al. LVQ Can be viewed as a method of vector classification | 17,588 printed | 98.41
and it adjusts the prototypes to approximate the | Chinese
density of exemplar in each class. characters with
different fonts
1995 | Romero et al. DSM Is a refinement of LVQ algorithm and fewer | 17,588 printed | 98.78
classification errors will result if the prototypes are | Chinese
concentrated close to the class boundaries. characters with
different fonts
1997 | Romero et al. PNN Models the actual probability distributions of classes | 13,984 printed | 97.43
using a fixed number of Gaussian components. The | Chinese
computation of confidence measures on the | characters with
classification results is available. different fonts
1998 | Fu and Xu SPDNN Is a probabilistic variant of the original PNN, which is | ****CCL/ 90.12
in a form of a flexible number of mixtures of Gaussian | HCCR1

distributions for each different character.
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2000

Wu et al.

CSN

Is based on geometrical approach, which transforms
the design of a neural network classifier to a training
sample covering problem.

700
handwritten
Chinese
characters

95

Other Classifiers

1995

Senda et al.

MD

Determine the class membership of an unknown input
character by assigning it to the character class of its
closest prototype. To determine the closeness,
Euclidean distance is used.

**+ETLIB

79.1

1999

Kato et al.

CBDD

The variations of handwritten characters are being
taken account in the city block distance measure.

**+*ETLIB

99.42

2008

Bashir and
Kempf

Reduced
DTW

Is an algorithm for measuring similarity between two
sequences based on time series.

11990
handwritten
character
samples

99.22

Remark: Kanji characters in Japanese are the same as Chinese characters.
* HCL2000 database is collected by Beijing University of Posts and Telecommunications for China 863 project, which includes 3,755 frequently used
Chinese characters in GB2312-80 level 1 character set, 1000 samples per class.
** ETL9B database is collected by the Electro-Technical Laboratory of Japan, which contains handwritten samples of 2,965 Kanji characters, 200 samples

per class.

*#% CASIA database is collected by the Institute of Automation, Chinese Academy of Sciences, which contains handwritten samples of 3,755 Chinese
characters in GB2312-80 level 1 character set, 300 samples per class.
##%% CCL/HCCRI1 database is collected from 2600 people, including junior high school and college students as well as employees of ERSO/ITRI, which
contains more than 200 samples of 5401 frequently used Chinese characters.




CHAPTER 3

TRAJECTORY-BASED X-Y GRAPHS DECOMPOSITION

The objective of feature extraction is to characterize the object and
then reduce the pattern space to a size appropriate for the application of
pattern classification methods. In general, the important steps involved in
feature extraction process are to select discriminatory features and extract
these features. In this process, only the significant features necessary for the
recognition process are retained such that classification can be implemented
on a hugely reduced feature space. However, defining a feature vector for
Chinese character recognition is not an easy task because Chinese character
set is vast in size, complex in structure and contains many similar characters.
Furthermore, for handwritten Chinese character recognition, it becomes more
difficult due to variability of writing styles. The quality of the features has a
great effect upon the performance of a Chinese character recognition system.
Hence, one of the essential criteria of a good recognition system is that

optimum features be selected.

In this research, building an improved handwritten Chinese character
recognition (HCCR) system with more efficient overall performance by using
new feature extraction and classification method is the main motivation.
Different from the commonly used or previously proposed recognition
systems which involve three main stages (refer to Section 1.1), the new HCCR
system developed in this research only consists of two main stages, which are

feature extraction and classification. This is the greatest advantage of the new
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designed HCCR system, which is omitting preprocessing process while
preserving high accuracy rate at the same time. Definitely, it is a breakthrough

in the area of character recognition.

As mentioned in Section 1.1, preprocessing is an unavoidable process
for the character recognition system, so as to diminish the negative effects
caused by individual writing variations and distortions, as well as inaccuracy
of digitization. Hence, preprocessing process is very vital in converting the
input character into a more proper pattern representation in order to achieve a
high accuracy rate. For HCCR system based on online approach,
normalization is the major process involved in preprocessing. The
performance of HCCR system is largely dependent on character shape
normalization, which aims to regulate the size, position and the shape of
character patterns, so that the shape variation between the patterns of the same
character can be reduced. In Srihari er al. (2007), it states that linear
normalization (LN) which can scale the image in spite of its within structure
and the nonlinear normalization (NLN) method which is based on line density
equalization are popularly used now. However, some of these normalization
methods are very complex in computation and thus, the speed and efficiency

of the HCCR system will be degraded.

In this research, the evidence of how the new HCCR system works
without undergoing normalization and attains an even improved performance
simultaneously by using the new proposed feature extraction method and new

designed classifier will be shown in Chapter 5. For comparison purpose, both
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recognition system with and without preprocessing stage will be implemented

in this research. The whole process of the recognition systems with

preprocessing is depicted diagrammatically in Figure 3.1.

Feature
Extracti
Preprocessing Xtraction Classification
[—————7——7777— | I T T T~
% /I I ||
| || Coarse
: X-Y Graphs || : Classification
Cropping | Decomposition : | Based on Stroke
I L Number
| ||
//w' ¥
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Haar Wavelet Fine Classification
Normalization

Using R;

|
|
|
|
Transform |
|
|
|
|

Figure 3.1: Diagram of the whole process of the recognition system with

preprocessing stage.

In this chapter, a new feature extraction technique will be presented.

Section 3.1 illustrates the process of preprocessing implemented in the new

HCCR system. Section 3.2 explains the new feature extraction schemes which

are separated into two stages: (i) trajectory-based X-Y graphs decomposition

(TXYGD) and (ii) Haar wavelet transform. These two stages are described in

Section 3.2.1 and 3.2.2 respectively. Finally, this chapter is ended with a

summary. The classification process will be discussed in Chapter 4.
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3.1 Preprocessing Process
The practical process of preprocessing may vary in detail for different
recognition systems. In this section, the procedure of the preprocessing

process applied in the new HCCR system of this research is described.

Firstly, for online handwriting recognition, the trajectory of the
character is captured. The input from the digitizer corresponding to
handwritten Chinese character is a sequence of points in the form of x and y
coordinates, [xr,yr] with embedded pen-up and pen-down events when
multiple strokes are involved. The Wacom Intuos®3 pen tablet is used as the
digitizer in this research. For each character, the strokes are resampled by
using linear equi-distant resampling technique and 128 points are used to
represent each stroke. Thus, a w-strokes character, for example, will have a
total of 128xw points. The preprocessing stage includes two parts: (i)

cropping and (ii) normalization and these are illustrated in the following.

(i) Cropping: Given the sequence of points for an input character, the
maximum x and y coordinates, and also the minimum of them are

determined. Then, a particular part of the original area of 256x256, that

is the subarea from row y_ to row y_  and column x_ to column

xmax (ymin : ymax > xmin : xmax ) 18 Cropped.

(i1)) Normalization: The sequence of points [xt, yt], which range within the

cropped subarea are normalized to the size of 128x128, as shown below.
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xmax - xm'

X :127(MJ+1 (3.1)

v =127 [—yy : __y;ﬂ“ J+1 (3.2)

The whole procedure of preprocessing is presented in Figure 3.2 and the effect
of normalization is shown in Figure 3.3. The left side of Figure 3.3(a)-(d)
displays the characters before normalization whereas the right side is the
characters after undergoing normalization. Notice that the size and the position
of the normalized characters are all standardized if compared to the non-
normalized characters with various size and position which will affect the
accuracy rate severely. Therefore, all the researchers believe that
preprocessing process must be executed in every recognition system as to

obtain a promising accuracy rate.

Trajectory from the original input
Chinese character in a square area

- of 256256, [x,,y,].

subarea

Cropped character in a subarea

256 (ymin : ymax ’ xmin : 'xmax ) .

Trajectory from the normalized
input Chinese character in a
resized area of 128128,

128 . w
[xt,y, :|

Figure 3.2: Diagram of the whole preprocessing procedure for the Chinese character '8’
(means I or me).
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Figure 3.3: Examples of non-normalized (left) and normalized (right) Chinese character
(a) '#' (means dream), (b) 'F&" (means see or look), (c) 7' (means bring) and (d) 'if'
(means tear).

3.2  Feature Extraction

In this research, the new feature extraction method of the online
recognition system consists of two main steps: (i) trajectory-based X-Y graphs
decomposition (TXYGD) and (ii) Haar wavelet tranform. The detail of each

step will be explained in the sub-sections below.

3.2.1 Trajectory-Based X-Y Graphs Decomposition

Trajectory-based X-Y graphs decomposition (TXYGD) is used for
feature extraction in online recognition system. For short, it is also named X-Y
graphs decomposition. It is considered as a holistic approach which extracts
the character as a whole without any preliminary identification of strokes. The
principle of X-Y graphs decomposition is to trace the pattern of each Chinese
character based on the trajectory of handwriting. Here, the trajectory of
handwriting is referred to the way of writing a Chinese character based on
certain stroke order. According to the points from this trajectory, X-graph and

Y-graph are formed, such that these two graphs used to represent each Chinese
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character. The details of how the X-Y graphs decomposition works are

illustrated below.

In the X-Y graphs decomposition, the sequence of normalized points
[x:,yf ] (or non-normalized points [x,,y,]), where 1<7<N =128xw is

transformed into two separated graph: (i) graph of x-coordinate versus time
sequence (called X-graph) and (ii) graph of y-coordinate versus time sequence
(called Y-graph). These two graphs are described in Figure 3.4. Notice that the
pattern of the graphs depends on how the character is written. As an example,
the values in the X-graph rise while in Y-graph the values remain unchanged,
when the second stroke of character ‘¥, i.e. the horizontal stroke is written.
For more detail information, the X-Y graphs for some of the strokes exist in
Chinese characters are shown in Appendix Al. Consequently, the feature

vectors are constructed from the sequences of points in X-graph and Y-graph
* * T * * T . . .
as {[xl,...,xN} ,[yl,...,yN] } The size of the feature vectors is varying

with the stroke number of the character. The smaller dimensionality of feature
vectors is obtained for character with lesser stroke number and vice versa.
This specialty is very helpful for rough classification as the characters can be
partitioned into smaller groups based on the stroke number (or the feature size)
of the character before fine classification. Therefore, instead of the whole
database, the fine classification is only dealing with a small subset of the
database and this indeed will boost up the speed of the recognition system

greatly.
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Figure 3.4: X-graph (above) and Y-graph (below) of Chinese character '3&' (means I or
me).

Rich handwriting styles and lack of consistency between temporal and
spatial fields make the character shapes differ in many ways. Thus, instead of
constructing the features based on the shape of the characters as in Zeng et al.
(2006) and Shu (1996), it is more preferable to extract the features from the
trajectory of the handwritten characters. As a trajectory context descriptor, X-Y
graphs represent geometrical information and topological structure of a
Chinese character. Each point on the X-Y graphs identifies the geometric
characteristic of the strokes written and the sequence of the points represent
the whole topological structure. Moreover, there are two types of features,
which are local features and global features. Local features include horizontal
change Ax, vertical change Ay and writing angle change A@ with respect to
the neighboring points; global features include approximate curvature, aspect
ratio and linearity. X-Y graphs retain both the local and global features without
explicit calculation. Furthermore, this new approach is designed in accordance

with the following properties:
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I. Uniqueness
The trajectory of each Chinese character is unique and in turn forms
the unique X-graph and Y-graph. Even for similarly shaped characters, the
graphs plotted are also of different shapes. Some examples are illustrated in
Figure 3.5. Hence, both the X-graph and Y-graph can be claimed to contain the

most essential information of Chinese characters and have strong

discriminative ability.
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Figure 3.5: X-graphs (above) and Y-graphs (below) plotted for the similar

characters: a(i) ‘@ (means white) and a(ii) ‘B (means hundred); b(i) ‘F’

(means plant) and b(ii) ‘fI (means and); c(i) ‘F (means king) and c(ii) ‘¥
(means host or owner).
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II. Invariant of different writing styles

Different writing styles are the main problem faced in handwriting
recognition. Remark that here, different writing styles refer to writing the
characters in a way such that they are different in size and position, with
deformed shape and slant. To address this problem, X-Y graphs decomposition
is a solution since X-graph and Y-graph plotted for the Chinese characters are
invariant of size and position of the written character. In other words, the
pattern of both X-graph and Y-graph will generally be retained for the same
characters despite of various character size and position. Besides, the
preservation of graph patterns for deformed characters can also helps in
improving the recognition rate. The examples of these are presented in Figure

3.6.
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Figure 3.6: X-graphs (above) and Y-graphs (below) plotted for character ‘3 (means

come). (a) Regular character in database (b) Characters written in various size and
position (c) Deformed character written with connected strokes.
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III. Simplicity
In X-Y graphs decomposition, neither complicated process nor heavy
computation is involved. Decomposing the character coordinates into two
separated X-Y graphs and obtaining the feature vectors from the corresponding
graphs are the only tasks that required to be implemented. As a result, the
simplicity of this approach will definitely enhance the efficiency and speed of

the recognition system.

3.2.2 Haar Wavelet Transform

Many applied fields are making use of wavelets and it has become part
of the toolbox of statisticians, signal and image processors, medical persons,
geophysicists and so on. Besides that, wavelet based approaches become
increasingly popular in pattern recognition and have been applied to character
recognition in recent year (Shioyama et al., 1998; Huang and Huang, 2001;
Zhang et al., 2006). Most of these wavelet approaches are applied to the
character images. They utilize the theory of multiresolution analysis (MRA) to
interpret the image at different resolutions and construct the feature vectors
accordingly. In this research, the application of wavelet transform on the X-

graph and Y-graph which is a new attempt of wavelet approach is proposed.

Among different wavelet families, Haar wavelet is the most
fundamental and widely used due to its algorithm simplicity and efficiency.
Besides, in each level of Haar transform, the sequence of points will be

reduced to half of its size. This will lead to an easier computation than other
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wavelet transforms. Thus, Haar wavelet is chosen for feature size reduction,

though other wavelets can also be applied in similar way.

For Haar wavelet, let the father wavelet, or scaling function be

1 for O<t<l1
o(1) ={ (3.3)

0 elsewhere

Then V° = span({(o(t—k)}kez) consists of piecewise constant functions with

jumps only at integers. Likewise the subspace V’ :span({%,k}k Z) are

piecewise constant functions with jumps only at the integer multiples of 27/
On the other hand, the mother wavelet is defined as

1
1 for 0<t< 5

w(t)=1-1 for %s;<1 (3.4)

0 elsewhere

The subspace W’ = span({l// (¢ —k)}kez) are piecewise constant functions
with jumps only at half-integers, and average 0 between integers. Likewise the

subspaces W’ = span({wj,k}kez) are piecewise constant functions with jumps

only at the integer multiples of 2°/*" | and average 0 between the integers

multiples of 27/. Both the father wavelet and mother wavelet for Haar are

described in Figure 3.7.
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Figure 3.7: Plot of (a) father wavelet ¢(¢) , and (b) mother wavelet y/(¢) for Haar.

In practical, Haar wavelet transform is utilized as DWT and applied to

discrete signal which is expressed in the form

£ =(f, foseeos ) (3.5

where N is a positive even integer, representing the length of f with
fi=8@), f, =8,),....fy =g(t,). Haar transform decomposes a discrete

signal f into two subsignal of half its length. One subsignal is trend or
approximation coefficient and the other subsignal is fluctuation or detailed
coefficient. The approximation coefficient and detailed coefficient for Haar

are defined in the following.

f2m—1 + f2m
= 3.6
am \/E ( )

d f2m—l_f2m

3.7
m \/E ( )

for m:1,2,3,...,ﬁ.
2

In this research, a new attempt of wavelet transform which is applied
on graph, instead of image is presented. Haar wavelet reduces the size of the

feature vector obtained from X-graph and Y-graph by converting the input
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feature vector into new sequence of points a; = [axj,aw.] and d; = [dxj,d)j],

1<j<D, 2 <D<?2° which are the approximation and detailed coefficient

respectively. Both coefficients are defined below.

x:j—] +x:j y;kj—l 2j
Clxj :T’ Clyj :T (38)
X Y., =Y.
dx. — 2j-1 2j , d y — 2j-1 2j 3'9
vj \/5 Y \/5 (3.9)

Remark that Haar Transform is performed in several stages or levels until the

size of the extracted feature is in the range of [25 , 26) . The constraint with the

range of the reduced features dimensionality is set to be 2°<D<?2° but not
2*<D<?2’, 2°<D<?2" and so on because 2°<D<?2° gives the best
tradeoff between recognition rate and dimensionality of features from
observation. In the proposed recognition system, only approximation

coefficient a ; is considered as new extracted feature used for classification.

Whereas, d i is assumed as the error or variation between input character and

character in database. Similarly, b i = [b b}j] and e i = [exj,ew] represent the

Xj°
approximation and detailed coefficient of the character in database. It has been
proved that the extracted features still retain the important information of the
characters after size reduction by Haar wavelet transform. The example is
demonstrated in Figure 3.8. Notice that the graph patterns are still preserved

after undergoing Haar wavelet transform.
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Figure 3.8: X-graphs (above) and Y-graphs (below) plotted for character ‘3¢
(means come). Left shows the graphs before Haar wavelet transform while right
shows th e graphs after Haar wavelet transform.

33 Summary

This chapter mainly discusses about new feature extraction method and
new approach of wavelet transform proposed for feature vector acquisition in
this research. It begins with the overview of new developed HCCR system,
such that the preprocessing process can be omitted. Trajectory-based X-Y
graphs decomposition (TXYGD) or for short, X-Y graphs decomposition is a
new idea for feature extraction in online recognition system, with the principle
of tracing the pattern of each Chinese character based on the trajectory of
handwriting. As a trajectory context descriptor, X-Y graphs represent
geometrical information and topological structure of a Chinese character.
Besides, they also cover both local and global features of the character. The
uniqueness, invariant of different writing styles and simplicity property of X-Y
graphs has strengthened the discrimination power and accelerated the speed of
the recognition system. For feature size reduction, new attempt of Haar
wavelet transform is presented. It is applied on the graphs instead of images
and it preserves the significant information of the character after size

reduction. Therefore, X-Y graphs decomposition with Haar wavelet transform
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can be claimed as an efficient method for feature extraction in HCCR and this

can be validated from the experimental result in Chapter 5.
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CHAPTER 4

TWO-DIMENSIONAL FUNCTIONAL CLASSIFIER

The feature vectors obtained from X-Y graphs decomposition with Haar
wavelet transform will proceed to classification stage for matching. Compared
to numerals and alphabets, the number of Chinese character set is extremely
large. Hence, in order to speed up the recognition system, the classification
process is separated into two stages: coarse classification and fine
classification. In the proposed HCCR system, the coarse classification is based
on stroke number; whereas the coefficient of determination (COD) for two-
dimensional unreplicated linear functional relationship (2D-ULFR) model will

be the new designed fine classifier or similarity measure.

This chapter will discuss about the whole classification procedure of the
new HCCR system in detail. Section 4.1 describes the coarse classification
while fine classification will be illustrated in Section 4.2. Besides, some
important properties of the new proposed classifier are also included. Section
4.3 validates the normality assumption of 2D-ULFR model and lastly, a

summary of this chapter is presented in Section 4.4.

4.1 Coarse Classification

In the proposed HCCR system, every different single Chinese character
is assumed to be a class in the database and each class consists of only one
sample. Firstly, in coarse classification, the Chinese characters of the same

number of stroke as that of input character are selected from the large amount
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of classes in database to be the candidates for fine classification. The number of

stroke, w, is determined as follows.

W= @.1)

where N is the length of feature vector before Haar transform (refer to Section
3.1). Example of the candidate lists chosen for some input characters by using
this coarse classification method is demonstrated in Table 4.1. Compared to
implementing fine classification on the whole database, dealing with only the
subset of database chosen by coarse classification can save the processing time
to a great extent. Consequently, these selected candidates are further classified

by fine classifiers as described in the next section.

Table 4.1: Example of the candidate lists for three input Chinese characters with
different number of stroke.

Input

. Li
Characters Candidate Lists
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UERE R/

B% (17 Strokes) | 7 #& # 2 WE B B 9 WO B B R OB bR O
Bods B MR OEE R OIE OB R A R a3

4.2  Fine Classification

For fine classification, a classifier or similarity measure is established
via statistical technique. It calculates the coefficient of determination (COD)
for two-dimensional unreplicated linear functional relationship (2D-ULFR)
model between the trajectory pattern of input character and character in
database, according to which the recognition result is determined. 2D-ULFR
model is used for the classification instead of other conventional regression
models such as simple linear regression model, since the assumption of the
conventional linear regression models that the explanatory variable can be
measured exactly may not be realistic in the proposed recognition system. In
this research, only the approximation coefficients of Haar wavelet transform
are used as feature vector to represent the database and input characters. The
COD for 2D-ULFR model then measures the similarity between these two set
of feature vectors whereas their detailed coefficients are served as the error
terms in the model. Hence, 2D-ULFR model is more preferable and
appropriate to be adopted in the proposed recognition system. Furthermore, by
utilizing 2D-ULFR model, more variation on handwriting is allowed, and this
helps in achieving higher recognition rate even without undergoing

normalization process.
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4.2.1 Two-Dimensional Unreplicated Linear Functional Relationship

Model

Two-dimensional unreplicated linear functional relationship (2D-
ULFR) model is a special case of multidimensional unreplicated linear
functional relationship (MULFR) model developed by Chang et al. (2009). The
COD of MULFR was then used to measure the quality of JPEG compressed
image in Chang et al. (2009). Until now, it has not been applied to character
recognition yet. In 2D-ULFR, the dimension of the variables is set to two
(p =2). Instead of MULFR, 2D-ULFR is applied in the proposed recognition
system since the extracted features are two dimensional vectors composed by

x-coordinates and y-coordinates.

Consider the extracted feature for the input character trajectory, a,

where ajz[a av], 1<j<N, 25 SN<26 and the extracted feature for

Xj°

trajectory of character in database, b , where bj =[b_.,b.] . Note that

X2 7y)

a,,a;,b; and b, are the approximation coefficients obtained from Haar

X2y

wavelet transform for smoothing purpose and hence it will create errors.

Suppose that a and b are observed with errors & :[5);;’5”] and

0

€, z[sxi,eyi] respectively, where J

j y10y2€y and ¢ are referred to the

Vj?
detailed coefficients of the Haar wavelet transform. In other words, 0 I d i
and € j=e;. Then, 2D-ULFR is defined as follow:

aj:Aj+6j 4.2)

b, =B +e, 43)

88



where A, =[AXJ,AW] and B, =[Bv,Byj]are two linearly related unobservable
true values of a; and b, such that
Bj =a—|—ﬁA] (4.4)

where 00 = [061,062] is the intercept vector and £ is the slope of the functional

model. Assuming both error vectors are mutually and independently normally

distributed with
i)  E(3,)=0=E(g,)
(i)  Var(8,)=Var(8,)=0" and Var(e,)=Var(e,)=1" for
Vj; 1S j<N, 2°<N<2°

(i)  Cov(5,.8,)=Cov(d,,

é;j)zozCov(é‘

xi?

€y ) =Cov (gyi €y )
for Vi# j; 1<i,j<N, 22<N<2°

Cov(§

xj°

8,)=0=Cov(e, &) for Vj; 1< jSN, 2° <N <2°

xj°

Cov(§

xi?

£,)=0 for Vi# j; 1<i,j<N, 2° <N <2°

2
That is 8,0 IND(0,2,,) and g, IND(0,2,,), where QH=(2 0]:#1,

T
€, Q. Q
Q,= o 0 =o'l and let v,=| ’ |, then Cov(v.,vl)=Q= o
0 o ! 8]' n Q, Q,

are diagonal variance-covariance matrices with Q, =Q, =0, Q  and Q,,

are positive definite.
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4.2.2 Estimation of Parameters

Given the 2D-ULFR model with single slope defined by Equations

(4.2), (4.3) and (4.4), the maximum likelihood estimators of @, #, A, and o’

are
G=b-ja
B: (Sbb _j'Saa)+\/(Sbb _j'Saa )2 +4}“S§b
28,
n /Iaj+,3(bj —&)
and

’ D

az=D;_2{§(aj_Aj) (3,4, )+ 3o i) (v, _a_gA,)}

Jj=l Jj=l

D
where A1 is the ratio of error variances, and S, :Za'ja ,—Daa ,
j=1

D o D _
Sy =2_b’b,—Db’b and S, => a’b,—Da’b. The estimation of these four
=1

j=

parameters is derived below (Chang et al., 2009).

It starts with the joint probability density function of 8, and g,

1 bj—E(b].) b'_E(b')

- Q!
Q|%6Xp 2 aj—E(aj) a.—E(aj)

f(aj,bj)=W
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e oy e ()

4.5)
where r=2p=2(2)=4, E(aj)=E(Aj+6j)=Aj and E(bj)=E(Bj+£j)=BA.

The likelihood function for Equation (4.5) is

1 & ’
=WCXP{—EZ[(31_A1) 2, (a;-A,))
+(b,—a-pA)) Ql_ll(bj_“_ﬁAj)]}
where K = (27‘c)ﬂ% and the log-likelihood function is

L'=InL

N

=_1nK_§1n|g|_%z[(aj_Aj)’g;;(aj_Aj)

j=1

+U%—“-¢mvyﬂﬁﬂn—ﬂ—ﬁAJ] (4.6)

91



To overcome the unbounded problem of Equation (4.6), an additional

constraint followed Kendall and Stuart (1979) will be suggested, i.e.:

Q, =12, & fo:%ﬂ;z‘ o '=4"

where the ratio of error variances A is a known constant. In this case,
Equation (4.6) becomes

L= —an—%ln eyl

1 & s 1 ’
_E;[(a/_A/‘) 922(af_A/)+z(bj_“_ﬁA/) Q, (b/_“_ﬂAj)]

=—an—%ln22—Nln|922|
N ’ ’
_%Z[(aj—Aj) Qgé(aj—Aj)+%(bj—a—ﬁAj) Q;, (bj—a—ﬂAj)]

J=l

4.7

= |911922| = |/1922922| =1’ |922|2 .

Q Q
where |Q| =‘[Q“ QIZJ
21 22

There are (Np+ p+2) =2N +4 parameters to be estimated, which are A,

a, f,and ¢°.

From the vector derivative formula for quadratic matrix equation

evaluating to a scalar,

£

oL =—iZ{(QZ§)+(Q;)’}[(ﬁAf_b")ﬂl}

a(ﬁAj _bj) J=
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a(ﬁAJ _bj)
and the tangent vector to curve (ﬂAj —bj) :0 —»07%is T =A,.
By using the Chain rule,
oL _ oL a(ﬂAj_bj)

ﬁ_ a(ﬁA/‘ _bj)’ %

1 ‘o-
Egl(ﬂAJ—bj+a)QzéAj

J

1 ‘o
=Z§' 1:(bj—oz—ﬁAj)Qz;Aj
p

Therefore, differentiate Equation (4.7) with respect to f and set the result

M

equal to zero [a—L = Oj , yields
op

o= = (4.8)

Similarly, differential Equation (4.7) with respect @, A; and o give the

following results
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;fj :_%{_292 (aj—Aj)+%Q;; (b,-—a—ﬁAj)(—ﬁ)}=0
(aj—A,-)%ﬂ(b,«—a—ﬁA,-):o
—(2+p°)A,+(%a; + pb,— Ba)=0
Ajz/laj+,é(l}j—fl) o
L+
DRV AE

6=b-fa (4.10)
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4.11)
Since 67 is a bias estimator of ¢> (Kendall and Stuart, 1979), Equation (4.11)

yields the consistent estimator

2N
1s multiplied b
p y N_2

Substitute Equations (4.9) and (4.10) into Equation (4.8) yields
v (Ja +p(b,-a)] _&(ia,+pB(b —a)
b’
2 G
{iaﬁﬁ(bj &)}(laﬁﬁ(b&)}

=
I

(l+ﬁ2){i(ia;bj+ﬁb;bj—ﬁ&'bj)—i i ﬂaZb +N,Baa}

=1

~.

N ~ ~ ~ /\
> (7%, +2/pa’b, —2pd'a, — 2%, + Db, + B dd)
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(/Hﬁz){/lZajb +ﬁbe —2NBa'b - /IN&5+N,B(1(1}

Jj=1

fza a +2/1,82a b 215> a, 26 b + B Wb+ NG
j=1

Jj=1 Jj=1

(ng){& b 75,2095 - ,ff)’mg(s_ga)’(a_ga)}

Jj=1

fia;aj+%ﬁia;bj—2l\ﬁﬁ(f)—ﬁﬁ) a,—2V%(b ﬁﬁ)b+ﬁ22bb +N (b- )( ~/a)

(l+[§2){i(ia;bj—Nﬁ'ﬁjﬂé(ﬁb'jbj Nb'b j+lNﬂaa+Nﬂ aa}

N _ N N —, N
Za’jbj—zva'bjﬂfz D b’b, —Nb’ j+2N/1,B ‘a+Np'aa

A+ S, + BS,, +INpa'a+ Np'aa
(=7 }

/IZZa a +2)4S,, +B°S,, +2Nif*a'a+ Np'a'a

N C—
where S, Zaa —Naa, S, = be ~Nb’b and S, = a’b,—Nab.
This implies that
fﬁZa a +2)4°S, +pS,, +2N\paa+ Np'a'a

= fsab +JfS,, + Nfa'a+ INFaa+ B, + f°S,, + ANB’a'a + Nj°a’
~ N ~ A A
= 2D ala, - PNpaa+ Ap’S,, — 1S, — MBSy, =0
j=1

B\zsab +B\(1Saa _Sbb ) _iSab = 0 (413)
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Solving the quadratic Equation (4.13) yields

_()’Saa _Sbb)i\/()’Saa _Shh )2 +4j~Si
28

ab

ﬁ:

(S =75,)%(8,,=25,,)" +445"
2 Sab

S =28 V4 /(S —AS. ) +44S>
bb b b

~p= 25,

(4.14)

The positive sign is used in Equation (4.14) because it gives a maximum to the
likelihood function in Equation (4.7) as shown below. From the previous

result,

oL 1& ’ 1 , o , _ ;o
% ) (bj _a_ﬂAj) QzéAj ) (ZBjﬂzéAj - ZQzéAj _IBZAJQQA;)
=

and the second order derivative yields
L Iy nvgia Ly aia ==Ly ara
9 _72 j=e j—T‘zZ j ,-—7,22 i

(- Q,, =07

2y

Since z A;A ;>0 (practicallyA#0) and 4 >0, this implies that <0.

2

The ,5’ s are local maximum points. Now, let

(Sbb _}“Saa)i\/(sbb A8 )2 +4j'Sazb _ A
25, 28,

B =

., >0 must be non-

Furthermore, Chang et al. (2009) shown that A=24S

negative and therefore the positive square root must always be taken.
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4.2.3 Coefficient of Determination for 2D-ULFR Model

In statistic, coefficient of determination (COD) is defined as the
proportion of variability in a dependent variable explained by the independent
variable(s) of the regression model (Montgomery and Peck, 1992). In the
context of this research, character in database will be the dependent variable
while input character is the independent variable. In other words, the value of
COD is assumed to be the similarity measure between the character in
database and input character. Given an input character, the characters in
database with largest value of COD will be the final result. The formula for

the COD of 2D-ULFR model is given as

R =—* LS (4.15)

where the ratio of the error variances be known and equals to one (4=1). The

derivation of Equation (4.15) is demonstrated below (Chang et al., 2009).

Re-write the Equations (4.2), (4.3) and (4.4) as

bj=a+,b’Aj+sj=a+,b’aj+(sj—,88j)=a+ﬁaj+Vj (4.16)

where the errors of the model

. 6
V =z,-f5,=b,—a-pa,, I<j<N, 2 SN<2 4.17)

is a normally distributed 2-dimensional random variable with

E(VJ.):E(sJ.—,Baj)=E(sj)—,6E(6j)=0 (‘.‘E(sj)=E(5j)=0)
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and Var(Vj)=Var(8j—,86j)
= Var(sj)+ﬁ2Var(8j)—2C0v(sj,ﬁ8j)
=Q, +4Q,, (- Cov(e;.8,) =0, =0)

If a and ﬁ’ are estimators of @ and S, respectively, then from Equation

4.17),

~ A A . 6
V,=b,~b,=b,—6—fa, 1< j<N, 2 <N<?

J J J

1s the residual of the model. Since

Var(V,)=Var(e, - j5,)
=Var(g,)+BVar(s,)-2Cov(e;. 55, )
=Q +5Q,

»+Var(e,)=Q,,, Var(8,)=Q,,, Cov(e,.55,)=0

=AQ, +f°Q,, L, =19,

The residual sum of squares is divided by (/1+ ,é 2) yields

R—— oL lAz(bj—&—ﬁaj)2

:/1+,§2 A+ p?
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1
A+ B

(Zb’jbj ~2a"3b, —28> a’b +2p&’> a, + Na'd + [52Za;aj)

’

= /Hl,‘gz [Zb;b]’—ZN(B—ﬁAﬁ),E—ZﬁZa’jbj +2Nj(b-fa) a

+N(B—,[;’5)/(B—/;’§)+/;’22a;aj]

1
/1+,§2

([zb;bf _NB/B] —Zﬁ[Za}b, _N5'5]+ﬁ2 [za}a, —Nﬁ'ﬁ])

— Sbb_zﬁASab+ﬁ2Saa
A+ B

Only the case A=1 that is when Q, =Q,, is considered. For those cases

when A#1, it can always be reduced to the case of A=1 as the ULFR

illustrated in Kendall and Stuart (1979). Hence,

— Sbb — 2B\Sab + ’ngaa

SS = b (4.18)
£ 1+ p°
Then, the COD can be defined as
RIf:SSR:l_SSE:Sbb_SSE 4.19)
Sbb Sbb Sbb
For the case A =1, Equation (4.19) becomes
le = —ﬁ S (4.20)
S
bb
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SS, _ fSy

Proof:
Sbb Sbb

& 8S, = ﬁSab is needed to be shown.

By definition, SS, =S,, —SS,

_S _ Sbb_zﬁsab+ﬁzsaa
o 14 B

(Sbb + /gzsbb)_(sbb _2lg\Sab +£25aa)
1+ B

— ﬂAZSbb +2£Sab _B\zsaa
1+ p4°

B\z (Sbb_Saa)+2B\Sab

= = 4.21)
1+ p°
From Equation (4.14) and 1=1,
Si:lbiéz = (Sbb - Saa )lé + Sab (422)

Substitute Equation (4.22) into Equation (4.21) yields

Ié{[(sbb _Saa)ﬁ+Sab:|+Sab}
1+

SS, =

BB S+ S
1+ B

Bsa (B +1)
- 14 B

Il
=
|9%)

&
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4.2.4 Properties of Coefficient of Determination when A =1

Some properties of the coefficient of determination (COD) of 2D-

ULFR model, say Rﬁ when A4 =1 are described in the following (Chang et al.,

2009).

Property 4.1: Boundedness
To date, there is no standard range for a similarity or dissimilarity

measure between characters. For example, peak signal to noise ratio (PSNR)

(Glenn, 1996) is defined on [O,oo). Whereas, Wang et al. (2004) defined a
good similarity measure on the range (—oo,l] , but Van de Weken et al. (2002)

defined it on [0,1]. Among others, [0,1]is the most commonly and well

accepted dynamic range for a good quality measure. The proposed measure

R; is also defined on [0,1] and this can be easily shown from the regression

sum of squares

0<SS, =S, —SS, <S,,

~0<R<1 4.22)

Property 4.2: Reflexive

Note from Equations (4.14) and (4.19) that when the input character

and character in database are identical or a=b, this implies R; =1. On the

102



other hand, Ri =0 indicates that the two characters are dislike. Hence, it is
undoubted that R; decreases when the degree of similarity between the two

characters decreases. The examples of R; values between some input

characters and characters in database are shown in Appendix A2.

Property 4.3: Non-symmetry

Given S, =kS,, where k>0. Let Ri and ﬁi be the coefficient of

determination for 2D-ULFR model with 4=1 as defined by B, =a.+ BA ;and

A =0+ 5B ;> respectively. Then,

R =%(1§2—1)+1 (4.23)

This indicates that Ri is non-symmetry when k#1. The proof of this

property is provided in Chang et al. (2009). In order to solve this problem, the
character in database or the input character, whichever has larger variance is

assumed to be A, and the other character be B. With this arrangement, the

full range 0 <R, <1 will be granted. Otherwise, Equation (4.23) provides a

simple way to convert Iéi to Ri :
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4.3 Validation of Normality Assumption

The 2D-ULFR model stated in Equations (4.2), (4.3) and (4.4) assumes
both errors 0 and & are normally distributed. In the application of the
proposed HCCR system, detailed coefficients of Haar wavelet transform are
considered as the error terms in 2D-ULFR model. In order to validate the
proposed recognition system satisfy normality assumption of the model,
normal probability plot of some Chinese characters, each with three different
writing styles are generated and demonstrated in Table 4.2. The plots on the
left are for the detailed coefficients of X-graphs while right shows the plots for
detailed coefficients of Y-graphs.

Table 4.2: Normal probability plots of Chinese character ‘T, ‘&, ‘R, ‘R, ‘IE, &, ‘&,
‘B2 and ‘E®. Each character is of three different writing styles.
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In general, the normal probability plot can be explained by the
following algorithm. Assume that e = [el,ez,..., en] be an n-dimensional error.
Step 1: Sort the elements of the error in ascending order. Denote the

sorted error to be e —[em,e[z],...,e[n]] ,  Wwhere

sorted
€,5€,S...5¢,
Step 2:  Determine the percentile P, for Ve, 1<i<n as defined as

below.

i—0.5
n

P= x100 (4.24)

Step 3:  Generate the normal probability plot such that P versus

e, 1<i<n.
In a normal probability plot, if all the data points fall near the line, an
assumption of normality is reasonable. However, it can be observed from
Table 4.2 that the points fall away from the line for some Chinese characters.
Hence, this indicates that the detailed coefficients for some of the characters

do not follow normal distribution and this has violated the assumption of the

model. To solve this problem, a transformation of a non-normal distributed
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variable to a normal distribution can be performed. Power transformation, or
known as Box-Cox transformation introduced by Box and Cox (1964), and
simple quadratic method used by Pooi (2003) can be applied to transform the

data to normal distribution.

Box-Cox transformation is a transformation which might be used to
convert a general set of k observations into a set of k independent observations

from a normal distribution with constant variance. As stated in original paper
(Box and Cox, 1964), the transformed observation, y* , 1s related to the

original observation, y, by

-1 .
V= Y P if A#0; 425)
log v, if A=0.
This transformation involves a parameter A. To estimate the value of 4, Box
and Cox (1964) considered two approaches which are maximum likelihood
estimation (MLE) and Bayesian method. MLE is commonly used since it is
conceptually easy and the likelihood function is easy to compute in this case.

On the other hand, in the Bayesian approach, it must make sure that the model

is fully identifiable, i.e. all the variables can be estimated.

For simple quadratic method (Pooi, 2003), it is capable of generating a
wide range of unimodal distributions which are skewed or having thin waists

with known skewness and kurtosis values. Let e be a random error with the

standard normal distribution and y =(%,,%,,%) a vector of constant values.

Consider the following non-linear function of e:
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1
yle+y2(ez—%j ,e20
&= (4.26)

1+
y1€+y2(y3ez— 2))3} ,e<0

where the constants 7,; t =1,2,3 are such that for small value ¢ >0, € is a
one-to-one function of ¢ when |e| is within the 100(1—¢)% point Z, of the

standard normal distribution. The reverse of Equation (4.26) provides a useful
and simple method for the proposed model to handle the non-normality
problem in character recognition applications when the error terms are known.

For example, one can reverse the transformation from Laplacian distribution

to normal distribution by choosing y=(0.015819,0.568667,—1.000010)

before the 2D-ULFR model is applied (see Figure 4.1).

3x1o4 | 3x1o4
2.5+ - 251 -
2+ — 2+ _
1.5¢ . 1.5¢ ,
1F . 1k .
0.5 - - 0.5+ -
(0} L lo) |
5 o 5 -5 o 5

Figure 4.1: Example of transformation from Laplace distribution (left) to Normal
distribution (right) using the reverse of Equation (4.26).

113



4.4 Summary

This chapter mainly illustrates the classification process of the HCCR
system in this research. The classification process is divided into two sub-
stages which are coarse classification and fine classification, as to accelerate
the speed of the recognition system. It begins with the selection of a small
subset of relevant candidates from the whole database by coarse classification,
such that these candidates have the same number of stroke with that of input
character. The approximation coefficients of these relevant candidates which
are obtained from Haar wavelet transform will be used in fine classification

stage.

For fine classification, Ri (i.e. the COD of 2D-ULFR model) is the

new proposed classifier. It is applied as a similarity measure with three
important properties: (i) boundedness, (ii) reflexive and (iii) non-symmetry.

This is the first attempt in making RIZ) as a classifier in character recognition.

The principle of the proposed method makes Ri very robust against size and

position variation as well as character shape deformation, even without
undergoing normalization. Although the detailed coefficients of the Haar
wavelet transform which act as the errors terms in 2D-ULFR model do not
fulfill the normality assumption of the 2D-ULFR model, the results are not
affected. It is because the non-normal distributed variable can always be
transformed to a normal distribution by using Box-Cox transformation or
simple quadratic method before the 2D-ULFR model is applied. The
efficiency of this proposed method can be studied from the experimental

results shown in next chapter.
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CHAPTER 5

APPLICATION IN HANDWRITTEN CHINESE CHARACTER
RECOGNITION SYSTEM

The feature extraction method and classifier proposed in Chapter 3 and
Chapter 4 respectively will be implemented in the new proposed HCCR
system and its performance will be evaluated in this chapter. Section 5.1
describes the experimental setup of this research which involves creation of
new database and collection of testing samples. Next, it is followed by the
experimental results obtained by comparing the previously and new proposed
feature extraction methods and classifiers. The experimental results will be
analyzed from three aspects, which are recognition rate, processing time and
storage space in Section 5.3, 5.4 and 5.5 respectively. Finally, this chapter is

summarized in Section 5.6.

5.1 Experimental Setup

The experiments for evaluating the efficiency of the new proposed
feature extraction and classification method start with the setup of database.
HCL2000, ETL9B and CASIA are the most commonly used database in
Chinese character recognition. Their details are illustrated in Table 5.1. Note
that the number of classes is referred to the number of different characters;
whereas the number of samples per class is referred to the samples collected
from different writers for each character (or class). HCL2000 database has
been used in Long and Jin (2008), Liu and Ding (2005); ETLI9B database is
applied in Dong et al. (2005), Gao and Liu (2008); CASIA database is used in

Gao and Liu (2008). From Table 5.1, it can be noticed that the existing
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databases used to store many samples of different writing styles for each
character, in order to cope with the problem of handwriting variation from
different writers. Obviously, this technique seems to be not very efficient for
some classifiers which keep all the training samples to do the classification
such as k-NN since it occupied extremely large storage space. Different from
those existing databases, only a single sample is needed to be stored for each
character in the database of the recognition system in this research. It is
because no training process is needed here. Besides, the proposed methods are
able to handle successfully the characters with various writing styles, even the
characters with severe deformed shape. Therefore, the memory space can be
saved significantly since the storage of excessive samples is unnecessary. This
is more practical for the situation where training samples are kept for
classification but only limited storage space is allowed.

Table 5.1: Three commonly used database for Chinese character recognition and a new
created database for this research.

Number of
. . Number of
Database Origin samples per
classes
class
Collected by Beijing
HCL2000 University of. Pogts and 3755 1000
Telecommunications for
China 863 project.
Collected by Electro-
ETL9B Technical Laboratory (ETL) 2965 200
of Japan
Collected by Institute of
CASIA Automation of Chinese 3755 300
Academy of Sciences
Based on Ju Dan’s modern
CL2009 Chinese character frequency 3000 1
list (Dan, 2004)

In this research, instead of using the existing databases, a new database

with only a single sample for each character will be created, namely CL2009.
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This new created database is based on Ju Dan’s modern Chinese character
frequency list (Dan, 2004) which is generated from a large corpus of Chinese
texts collected from online sources. The 3000 most frequently used simplified
Chinese characters, i.e. the first 3000 characters in Ju Dan’s modern Chinese
character frequency list will be the characters in the new created database
(refer to Appendix A3). Firstly, these 3000 Chinese characters are written by a
particular writer in songti, due to its widely used and similarity to most of the
handwritten Chinese characters. Then, these characters are stored in database
after being cropped and normalized to the size of 128x128, as explained in
Section 3.1. Examples of 50 Chinese characters in songti typed style and
songti written style are demonstrated in Figure 5.1. The songti

written style Chinese characters are the characters stored in CL2009 database.

i AN T 7E A HeA
EAMITR B A
M PIAGE St 2 v
AR AERE M5~ AR T
H MAZAET R EER
H)—& N T IENB Ffth
XM TR KA
M2 DL GAT B AR
WARXTE R AT T
® MEZFEIxEER

)

Figure 5.1: Examples of 50 normalized Chinese characters in (a) songti typed style and
(b) songti written style.
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For testing, the samples of Chinese character are collected from 10
different writers, 100 character samples from each writer (i.e. there are
10010 testing samples in total). These testing samples are selected from the
short Chinese passages and some examples of these testing samples are
demonstrated in Figure 5.2. The writers are requested to write with stroke

number and stroke order restriction.

==
S

K

NI O L
"B 4
*.

Ne B% 7 A9

12 7

N 4
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Figure 5.2: Examples of 50 testing samples: (a) without normalization process and (b)
with normalization process.
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5.2  Experimental Results

In order to evaluate the performance of the proposed feature extraction
method and the new designed classifier, experiment is carried out. It is done
for two cases: (i) with normalization and (ii) without normalization process.
The efficiency of the proposed recognition system will be judged from the
three different perspectives: (i) recognition rate, (ii) processing time and (iii)

storage space, which are illustrated in the following sections.

53 Recognition Rate
Recognition rate is the measurement of accuracy for recognizing or
matching the input character with character in database correctly. It is also
known as accuracy rate. In order to validate the new designed recognition
system, accuracy is the major element that has to be concerned about. For
comparison purpose, city block distance with deviation (CBDD), minimum
distance (MD), modified quadratic discriminant function (MQDF) and
compound Mahalanobis function (CMF) classifier (refer to Section 2.4.5(1I),
2.4.5(D), 2.4.1(1) and 2.4.3(I) respectively) are selected. They are applied to the
proposed recognition system and using the same database i.e. CL2009. Some
parameters used in these classifier need to be determined in advance. Various
values are examined and the optimum values are as follows.
(I) CBDD: (a) 6=1.2, as stated in Kato et al. (1999).
(IT) MOQDF: (a) K =1 since there is only one sample for each character in
database and hence it results in only one dominant

eigenvalues.
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(b) 6, =1.3641, such that it is made class-independent and equals

to the average of all eigenvalues of all classes. Note that as
stated in Long and Jin (2008), the performance of classifier
is superior when setting the constant class-independent
rather than class-dependent.

(IIT) CMF: (a) p,K =1(refer to Section 5.3(II)).
(b) 0 =1.3641, which is average of all eigenvalues of all classes.

(c) it =2.8, as stated in Suzuki et al. (1997).

The recognition rate for CBDD, MD, MQDF, CMF classifier and the

proposed classifier (Ri) is studied in Table 5.2 and 5.3. Moreover, both these

tables also show the standard deviation of the recognition rate for the testing
samples. The experimental results are analyzed from two aspects: (i) based on
different writers, i.e. each writer will write 100 different characters (refer to
Table 5.2) and (ii) based on different characters, i.e. each character is written
by 10 different writers (refer to Table 5.3). These two results imply the
discrimination power of the recognition system from two perspectives. Table
5.2 analyzes how well the recognition system can recognize the variety of
Chinese characters, from simple to complicated one; while Table 5.3 reveals
how well it can handle the same characters with different writing styles which
will lead to character size and position variation, as well as character shape
deformation. The examples of 30 different characters from one of the writers
and a character from 10 different writers are demonstrated in Figure 5.3 and

Figure 5.4 respectively.
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Table 5.2: Experimental results for 10 different writers: (a) with normalization and (b)
without normalization.

(@)

Classifiers CBDD| MD | MQDF | CMF | R;

Writer A | 96 97 97 97 100

Writer B | 98 98 100 99 100

Writer C | 98 99 98 97 97

Writer D | 98 99 98 99 97

Recognition | wyriter E | 92 96 96 95 99

rate (%) with

normalization | Writer F | 92 91 93 93 91
Writer G | 90 94 94 93 95

Writer H | 97 99 100 99 100

WriterI | 97 96 97 96 98

Writer J | 98 100 100 99 100
Average 95.6 96.9 97.3 96.7 97.7

Standard Deviation | 3.0623 | 2.7669 | 2.4518 | 2.4060 |2.9078

(b)

Classifiers CBDD| MD | MQDF | CMF R’
Writer A 6 27 89 72 100
Writer B 8 23 80 69 100
Writer C 3 13 72 43 96
N Writer D 8 20 74 65 99
Recognition
rate (%) Writer E 8 22 79 68 99
without Writer F 9 18 64 41 92
normalization
Writer G 5 13 35 20 97
Writer H 0 17 64 51 100
Writer I 0 17 53 50 99
Writer J | 39 50 66 61 100
Average 8.6 22 67.6 54 98.2
Standard Deviation | | 1i77 10,7600 | 15.2985 | 16.2822 | 2.5734
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Table 5.3: Experimental results for 20 different Chinese characters: (a) with

normalization and (b) without normalization.

Classifiers CBDD | MD | MQDF | CMF | R.
i 100 100 100 100 100
e 100 100 100 100 100
) 100 100 100 100 100
R 100 100 100 100 100
/N 100 100 100 100 100
5 100 100 100 100 100
X 100 100 100 100 100
B 100 100 100 100 100
# 20 30 30 30 10
Recognition T 100 100 100 100 100
rate (%) with
normalization | 15 100 100 100 100 100
&5 100 100 100 100 100
B 100 100 100 100 100
o4 80 90 100 90 90
x 100 90 80 70 90
B 100 100 100 100 100
3| 100 100 100 100 100
3 70 100 100 90 100
B 100 100 100 100 100
= 100 100 100 100 100
Average 93.5 95.5 95.5 94 94.5
1.8994 | 1.5720 | 1.6051 | 1.6670 |2.0125

Standard Deviation
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(b)

Classifiers CBDD | MD | MQDF | CMF | R.

i 0 0 70 30 100

% 70 100 100 100 100

) 0 0 70 60 100

R 0 10 100 100 100

N 0 0 100 100 100

r < 0 0 100 100 100

X 0 0 50 50 100

8 0 100 100 100 100

# 0 0 40 20 10

Recognition
rate (%) T 100 100 80 80 100
without 5 10 20 30 20 | 100
normalization

&5 0 0 0 0 100

B 0 10 40 40 100

o4 0 0 100 100 100

x 0 0 0 0 90

B 0 0 70 50 100

| 0 0 70 80 100

;3 10 10 100 90 100

B 0 10 80 80 100

%= 0 20 0 0 100

Average 9.5 19 65 60 95
Standard Deviation | 2-6453 | 3.5526 | 3.5909 | 3.7836 |2.0131
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Figure 5.3: The sample of 30 Chinese characters written by one of the writers.

Figure 5.4: Chinese character '3g' (means come) written by 10 different writers.

From the two tables above, it can be noticed that there is a huge

difference between the recognition rate of the input characters with
normalization and without normalization for CBDD, MD, MQDF and CMF
classifier. For both the cross-writers approach and cross-characters approach,
these four classifiers give satisfactory average recognition rates of above 93%
in the case of with normalization. However, on the average, they result in
extremely worse recognition rates such that only 8.6%, 22%, 67.6%, 54% (for
cross-writers approach) and 9.5%, 19%, 65%, 60% (for cross-characters
approach) are obtained for CBDD, MD, MQDF and CMF classifier

respectively, when the input characters do not undergo normalization. On the

other hand, by using Rz classifier, the recognition rate of 100% is achieved for
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some writers in the case of with and without normalization as shown in Table
5.2. Although R]f classifier results in the lowest recognition rate of 97%, 97%
and 91% among all the classifiers for writer C, writer D and writer F in the
normalization case, the results still remain promising with 96%, 99% and 92%

respectively if compared to other classifiers which give terrible results in the

case of without normalization. In the aspect of different characters as in Table
5.3, almost all the characters achieve 100 % recognition rate for Ri classifier,
except character ‘%)°, ‘X’ and ‘JG’. These characters are misclassified easily
especially character ‘%)’, such that only 10% recognition rates are obtained by
Ri classifier in both the case of with and without normalization. These
misclassification cases will be discussed in Section 5.3.2. On the average, by
using Ri classifier, the recognition rates have increased 0.5% for input
characters without normalization if compared to the results for normalized

characters, i.e. from recognition rate of 97.7% to 98.2% and 94.5% to 95% for

both cross-writers approach and cross-characters approach respectively.

Besides, the results of top-1, top-3 and top-5 recognized characters by
using the five classifiers mentioned above are also analyzed for the case of with
and without normalization (refer to Figure 5.5 and Figure 5.6). In the case of
undergoing normalization, the CMF classifier attains an recognition rate of
99.8% and the four remaining classifiers result in 99.9% for the top-5

recognition result; whereas in the case of without normalization, the top-5

recognition result for Ri classifier still remains unchanged, but only 18.7%,

55%, 90.3% and 73.7% are obtained by CBDD, MD, MQDF and CMF
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classifier respectively. In other words, many of the input characters are out of

the top-5 recognized character list for the four existing classifiers.

Recognition Rate (%o)

CBCD MD MQDF CMF R2p

Figure 5.5: Results of top-1, top-3 and top-5 recognized characters by using CBDD, MD,
MQDF, CMF and Rﬁ classifier in the case of with normalization.
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Figure 5.6: Results of top-1, top-3 and top-5 recognized characters by using CBDD, MD,
MQDF, CMF and Rf, classifier in the case of without normalization.
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All the results from Table 5.2, Table 5.3, Figure 5.5 and Figure 5.6
indicates that R]f classifier has stronger discriminative ability in distinguishing

Chinese characters despite of their shape complexity and the existence of many
similar characters. In addition, it is invariant of different writing styles, and
thus it can tolerate well with the character size and position variation, even
without undergoing any normalization process. Moreover, it is also able to
cope with the problem of character shape deformation, especially for the
characters with distorted strokes. For the sake of more ideal recognition system,
instead of displaying only the single final recognized character, the top-5
recognition result can be shown as choices for the users. This is the beneficial
function that has been embedded in most of the present hand-held devices

nowadays.

Furthermore, in the case of without normalization, RIZ) classifier shows

the smallest values of standard deviation, which are 2.5734 and 2.0131 for both
the cross-writers approach and cross-characters approach respectively (refer to
Table 5.2 and 5.3). This implies that Ri classifier operates in a more stable and
reliable manner than CBDD, MD, MQDF and CMEF classifier in the no
normalization case. Even though the standard deviations obtained by using Rﬁ
classifier in the normalization case are not the smallest if compared to the other

four existing classifiers, but the values of 2.9078 and 2.0125 (for cross-writers

approach and cross-characters respectively) are still reasonably small.
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Besides comparing the recognition rates of different classifiers,
recognition rates of different feature extraction methods are also analyzed in
this paper. Table 5.4 shows the recognition rates of the three existing feature
extraction methods studied from Liu ef al. (1996), Takahashi et al. (1997) and
Kawamura et al. (1992) respectively, and the current methods in this paper. In
this comparison, minimum distance (MD) classifier is applied. It can be
proved that the proposed method is superior with higher recognition rate, since
it has stronger discriminative ability when dealing with similar and deformed
characters.

Table 5.4: Recognition rates for four different feature extraction methods.

Method Recognition Rate (%)
Attributed Relational Graph (ARG) 94.20
Whole Character-Based Hidden 90.00
Markov Model (HMM) ’
Directional Feature Densities (DFD) 91.78
X-Y Graphs Decomposition with 95.5
Haar Wavelet ]

5.3.1 Incorrect Stroke Number

The proposed recognition system is stroke number and stroke order
dependent. Hence, in collecting testing samples, all the writers are requested to
write with correct stroke number and stroke order as stated in Section 5.1.
However, this will be a hindrance when it comes to the situation where the
writers have zero knowledge about the correct stroke number and stroke order
of Chinese characters, especially those who do not go through a proper
Chinese education. Besides, some writers also tend to write in cursive way or

with connected strokes. This type of handwriting is difficult to be matched
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accurately by the proposed recognition system. Some examples of Chinese
character with easily mistaken stroke number and with cursive handwriting are

demonstrated in Table 5.5 and Table 5.6 respectively.

Table 5.5: Some examples of Chinese character with easily mistaken stroke number.

Chinese Characters Correct Stroke Wrong Stroke number
number
Il 2 1
X 7 6
th 5 3
Z 3 2
Jo 6 5
IB% 6 5
[ 3 2
e 10 8,9
Hr 12 11
J& 13 12
7K 7 5
4 7 5
I 10 9
% 6 5
o 9 8

Table 5.6: Some examples of cursive handwriting, and their correct as well as wrong
stroke number.

Chinese Characters with Correct Stroke Wrong Stroke
Cursive Handwriting number number

J 2 1

19 12 11

A 10 g
2 13 11
493

{

H 13 10
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) 12 10
Zp 6 5
% 9 7
2 8 6

%2 10 7

#1 10 8

In order to tackle this problem, just like the previous database, extra
samples with varying stroke number are added into the new created database
(CL2009). Although this method will definitely increase the size of the
database, it is still considered small after the increment of extra samples, if
compared to those existing database such as HCL2000 and ETL9B. In this
case, another 120 samples which have no restriction on stroke number are
collected from one writer for testing. This testing is done for the cross-writers
approach and the case of without normalization only. The recognition rate is
shown in Table 5.7. Notice that if compared to the results in Table 5.2, there is

an improvement of 2.2%, 8% and 1% in the recognition rate for CBDD, MD
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and Ri classifier respectively whereas the recognition rate for MQDF and
CMF classifier shows a slight decline of 0.1% and 4% respectively. By using
this method, Ri classifier is able to attain an excellent recognition rate up to

99.2% which is the largest among the five classifiers. Hence, this implies that
storing extra samples of varying stroke number can solve the stroke number
variation problem faced by the proposed recognition system successfully, with

the size of the database still remains practically small.

Table 5.7: Experimental results for testing samples of random stroke number without

normalization.
Classifiers CBDD MD MQDF CMF R;
Recognition
10.8 30 67.5 50 99.2
rate (%)

5.3.2 Misclassification Cases

In spite of high recognition rate, there is still some misclassification
errors occurred in the new designed recognition system in this research.
Majority of the misclassification errors for those previously proposed
recognition system are caused by the size, position (if no normalization
process is executed) and deformed shape of the input characters. However,
these will not be the problems in the case of the proposed recognition system
since it is invariant of different writing styles. The factor of misclassification
errors encountered in the proposed recognition system is mainly because of
the similar characters which often share the common radicals and have slight
difference in shape only. Although it has been mentioned in Section 3.2.1(I)

that the X-Y graphs formed for the similar characters are unique, there are also
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cases where the X-Y graphs are nearly the same, especially for the similar
characters with similar way of writing (in the aspect of stroke order) and with
same number of stroke. Some misclassification cases of the proposed
recognition system are illustrated in Table 5.8. Due to the great similarity

between the X-Y graphs for the pairs of the similar characters, it is easy to

confuse with each other and thus hard to be differentiated by the R[f classifier.

Table 5.8: Some misclassification cases of the proposed recognition system. The graphs
above are X-graphs and the graphs below are Y-graphs.
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From Table 5.8, it can be noticed that the pattern of the X-Y graphs for
each pair of characters in column two and three are almost the same. Since the
pattern of the graphs depends significantly on the trajectory of handwriting, a
slight difference in the Chinese character written from the original one will
affect the pattern of the graphs. As a result, the graphs pattern of a particular
input character will be closer to the graphs pattern of its similar character in
database than that of the actual or correct character. For sure, this input
character will be misclassified by the classifier consequently. As an example
(refer to Table 5.8), the Chinese character ‘& (means rob) is mismatched with

‘! (means but/yet) since both these characters look the same in structure,
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except the radical on the right hand side. Moreover, they are same in stroke
number and also the way of writing. Hence, minor distortion of the strokes

written can affect the matching result easily.

5.4  Processing Time

The speed of the recognition system is one of the important factors for
an efficient recognition system, such that reduction of processing time is
necessary. In this research, the testing platform is on a Dell Vostro 1400 N-
Series notebook of Intel(R) Core(TM)2 Duo Processor T5470 and 1GB
(2x512MB) 667MHz Dual Channel DDR2 SDRAM. The timing analysis of
the proposed recognition system is illustrated in Table 5.9 which includes the
average processing time for feature extraction, coarse classification and fine
classification.

Table 5.9: Result of timing analysis for the proposed recognition system.

Average processing time (millisecond (ms) per character)

Feature extraction 0.913
Coarse classification 1.176
Fine classification 0.957
Total 3.046

5.4.1 Efficiency of the Feature Extraction Methods

For comparison with the proposed feature extraction method, some

representative traditional feature extraction methods such as Attributed
Relational Graph (ARG), whole character-based Hidden Markov Model
(HMM) and Directional Feature Densities (DFD) as mentioned in Section

2.2.1(), 2.2.2() and 2.2.3(I) respectively are selected. The detail of the
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processing times for the four feature extraction schemes are described in Table
5.10. It is time consuming to compute the exact processing time since different
sets of database has to be constructed for each different feature extraction
methods and it is costly to obtain those databases from external institutions.
Hence, due to time and cost constraint, the processing times are analyzed from
the aspect of steps involved only. From Table 5.10, it can be observed that
complicated procedures are involved in ARG, whole character-based HMM
and DFD. Whereas, the proposed X-Y graphs decomposition with Haar
wavelet requires simple algorithms, such that only defining feature vectors
from graphs and implementing Haar wavelet transform are necessary.
Obviously, the proposed feature extraction method thus results in the least

processing time.

Table 5.10: Processing time for four different feature extraction methods.

Methods Steps Involved
Attributed Relational | Step 1: Perform strokes identification
Graph (ARG) Step 2: Fit the strokes with straight lines
Step 3: Determine geometric centres for each stroke
Step 4: Construct complete ARG with nodes and arcs
Step 5: Convert the ARG to generalized relation matrix
Whole Character- Step 1: Estimates parameters, such as state transition
Based Hidden Markov probabilities, output emission probabilities and
Model (HMM) initial state probability through learning
process which is time-consuming.
Step 2: Determine HMM of the character
Directional Feature Step 1: Define vectors for each consecutive points on
Densities (DFD) the strokes
Step 2: Compute directional feature vectors
Step 3: Define vector for square areas
Step 4: Perform dimension condensation
X-Y Graphs Step 1: Define feature vectors from X-Y graphs
Decomposition with Step 2: Implement Haar wavelet transform
Haar Wavelet
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5.4.2 Comparison between Different Classifiers
In this section, the comparison of the processing time between different

classifiers is discussed. Figure 5.7 which reveals the processing time for the

recognition of characters with varying stroke numbers by using R]f, MD,

CBDD, MQDF and CMF classifier are presented. Notice that characters with
stroke number between 6 and 12 consume longer processing time; while for
characters with less than 6 strokes and more than 12 strokes, the processing
time is shorter. This is because most of the Chinese characters are in the range
of 6 to 12 strokes, so more candidates of that range are chosen for fine

classification. Consequently, more processing time is needed. Besides, Figure

5.7 also shows that the recognition system with Rﬁ classifier results in the least

processing time, followed by MQDF, CMF, MD and CBDD classifier. Due to
the algorithm simplicity of Rﬁ classifier, the processing time can be reduced up
to 75.31%, 73.05%, 58.27% and 40.69% if compared to CBDD, MD, CMF and
MQDF classifier respectively (refer to Table 5.11). Besides, by omitting the
preprocessing stage, the speed of the recognition system can be further
accelerated. As a result, the overall performance of the recognition system can

be improved tremendously.
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Figure 5.7: Processing time for recognizing characters with varying stroke numbers by
using Rﬁ , MD, CBDD, MQDF and CMF classifier.

Table 5.11: Reduced time rates in comparing the algorithm of Rf, with CBDD, MD,

MQDF and CMF classifier.
Classifiers CBDD | MD | MQDF | CMF
With
Reduced time rate | preprocessing 74.57 | 72.28 | 40.36 58.09
(%) using R> -
’ Without | 45 31 1 9305 | 40.69 | 5827
preprocessing
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5.5 Storage Space

The size of the extracted features and the complexity of parameters are
two main factors that determine the storage space required for the recognition
system. For commercial purpose, it is ideal to have a small storage

requirement, so that it can be directly embedded into the hand-held devices.

5.5.1 Feature Size

In order to compare the size of the extracted features, the existing
feature extraction schemes as being used for comparison in Section 5.4.1,
which include ARG, whole character-based HMM and DFD are chosen. From
Table 5.12, it implies that feature extraction using X-Y graphs decomposition
with Haar wavelet which is applied in the new designed recognition system
gives the smallest feature size, such that the dimension is between 64
(inclusive) and 128 (exclusive). Compared to other three existing feature
extraction methods with dimensionality of more than 200, X-Y graphs
decomposition with Haar wavelet is more efficient in term of storage space.
Furthermore, due to the ability of X-Y graphs decomposition in tackling the
problem of different writing styles, the memory space can be further saved
vastly since the storage of excessive samples in database and learning process
are unnecessary. Therefore, the proposed feature extraction method in this

research is the most practical and appropriate for memory limited devices.
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Table 5.12: Feature sizes for four different feature extraction methods.

Methods

Feature Size (Dimension)

Attributed Relational Graph
(ARG)

(stroke number)2 , increase of stroke number will

increase the feature size massively. For example,
the dimension of characters with 22 strokes is

22% =484 .

Whole Character-Based

Sum of the size of parameters {a,j} ,{b}k} ,{bj} g7}

Hidden Markov Model

(HMM) and N, where {aij} ,{b}k} and {b,%} are matrices,
{z} is vector and N is scalar.

Directional Feature Densities | 8x8x4 =256

(DFD)

X-Y Graphs Decomposition Between 2° x2 = 64 (inclusive) and

with Haar Wavelet

20%2 =128 (exclusive)

5.5.2 Parameter Complexity

In real application for hand-held devices, majority of the existing
classifiers such as support vector machine (SVM), neural network (NN) and
modified quadratic discriminant function (MQDF) classifier as mentioned in
Section 2.4.2, 2.4.4 and 2.4.1(I) respectively have parameter complexity
problem for large character set recognition despite of their high accuracy rates.
For example, the MQDF classifier needs to store the parameters such as mean
vectors, eigenvalues and eigenvectors of the covariance matrix for each class.
As stated in Long and Jin (2008), suppose that D, K and M are the parameter
size of the mean vectors, eigenvalues and the number of class respectively,
about 293 MB storage space is required under a system setup of D=512, K=40
and M=3755. As the memory size of the hand-held devices is usually limited
nowadays, it is not practical to embed those existing classifiers with high
parameter complexity directly into these devices. Thus at present, compressing
techniques for reducing the parameter size are necessary in order to embed

those high accuracy classifiers into the memory limited devices. On the other
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hand, only mean vectors are needed to be stored for Rﬁ classifier and this

occupies about 53.5 MB for M=3000. Larger memory size will definitely

causes the increase of products’ cost. In view of this, the simplicity of Rﬁ

classifier makes it more preferable for real world applications since it is more
efficient in term of storage space if compared to other existing classifiers.
Moreover, it can be directly applied into the memory limited embedded

systems without any compression process.

5.6  Verification of the Experimental Results

In order to verify the experimental results based on the new created
database (CL2009) with 3000 characters and 1000 testing samples obtained in
this chapter, additional experiment on HCH-GB1 dataset is conducted. HCH-
GBI dataset is one of the 11 datasets in SCUT-COUCH2009 database which
is developed by Jin et al. (2010). This database is built to facilitate the
research of unconstrained online Chinese handwriting recognition and is
publicly available for usage in research community. In HCH-GB1 dataset,
there are 3755 characters written by 188 writers and this makes up a total
number of 705940 for the character samples. All these samples were collected

using PDAs (Personal Digit Assistant) and smart phones with touch screens.

In the additional experiment, 20% of the HCH-GB1 dataset is used as
the new testing samples while CL2009 remains as the database of the
recognition system. Since this research only concerns about the matter of
recognition system without normalization, experiment regarding the case with

normalization is not carried out here. The recognition rate without
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normalization of the five classifiers (i.e. CBDD, MD, MQDF, CMF and RZ )
in this additional experiment are shown in Table 5.13. The testing samples are
categorized into two different datasets: (i) dataset without stroke number
restriction and (ii) dataset with stroke number restriction. Table 5.13(a)
demonstrates the recognition rates for dataset (i) while Table 5.13(b) shows
the results for dataset (ii).

Table 5.13: Recognition rates without normalization based on HCH-GB1 dataset: (a)
without stroke number restriction and (b) with stroke number restriction.

(@)
Classifiers CBDD| MD | MQDF | CMF | R;
Recognition rate (%) 15 29 44 3.3 12.8
without normalization ' ) ' ’ ’
(b)
Classifiers CBDD| MD | MQDF | CMF | R;
Recognition rate (%) 39 1.1 1 199 742
without normalization ' ) ' ’ ’

As stated in Jin et al. (2010), the benchmark recognition rate of HCH-GB1 is
95.27% and MQDF classifier is the benchmark recognizer. The algorithms of
the above MQDF classifier and of this benchmark classifier are the same. The
only difference is that they are implemented in the platform with different
conditions. The benchmark classifier is treated with normalization while the
above MQDF classifier is treated without normalization. Notice that this
normalization process is described in Chapter 3 (see Section 3.1). This is the
main reason which leads to the tremendous dropping of recognition rates to

4.4% and 22.1% for our MQDF classifier as shown in Table 5.13.
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On the other hand, most of the testing samples from the HCH-GB1
dataset are of incorrect stroke number and stroke order. However, the
proposed recognition system is stroke number and stroke order dependent.
Hence, this results in great degradation of R,% classifier in term of recognition
rate when using HCH-GBI1 dataset as testing samples, i.e. a worse result of
12.8% for the case of without stroke number restriction (refer to Table
5.13(a)). Whereas, RIZ, classifier achieves a higher recognition rate of 74.2%
(refer to Table 5.13(b)) when the evaluation of recognition system is restricted
to character samples with correct stroke number only. In the additional
experiment, although RIZ, classifier obtains a lower recognition rate if

compared to the results in Table 5.2(b) and 5.3(b) which give the recognition

rate of 98.2% and 95% respectively, RZ still achieves the highest recognition

rate among the classifiers. For CBDD, MD, MQDF and CMF classifier, even
worse recognition rates of below 23% are obtained from both Table 5.13(a)
and 5.13(b) because they fail to recognize the cursive handwritings with
severe shape deformation which occupy a large portion in HCH-GB1 dataset.
This indicates that they perform more terribly and are more inappropriate in

recognizing characters with incorrect stroke number and stroke order if

2
compared to R, .

Since there is no effect on the results of processing time (in Table 5.9)
and storage space (in Table 5.12) by using different testing samples,

verification of these two results are unnecessary. On the whole, this section is
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therefore sufficient to verify the experimental results obtained in Section 5.3,

5.4 and 5.5.

5.7 Summary

This chapter shows that the new HCCR system designed in this
research performs better than other previously proposed character recognition
systems. Instead of using the existing database, a new database (i.e. CL2009)
is created, such that only a single sample is needed to be stored for each
character. By using CL2009 database, the occupancy of memory space can
hence be reduced significantly since the whole database is kept to do the
classification for the proposed recognition system. The new HCCR system
associated with X-Y graphs decomposition, Haar wavelet transform and R]f
classifier is proved to be very efficient from the experimental results, in term
of recognition rate, processing time and storage space. Verification of the

experimental results has been done by conducting an additional experiment on

HCH-GBI1 dataset.
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CHAPTER 6

CONCLUSIONS

As stated in Section 1.3, the key objective of this research is to develop
a new online handwritten Chinese character recognition (HCCR) system in
order to improve the performance of the existing recognition system. In
accomplishing this objective, five main achievements are attained. The
explanation of these five main achievements will be the initial focus of this
chapter. The problem encountered in this research and some limitation of the
proposed recognition system will be discussed in Section 6.2, followed by

future works and some publications in Section 6.3 and 6.4 respectively.

6.1  Achievements
The five main achievements acquired in this research are summarized

below.

I.  Create new database

Majority of the researchers in the area of character recognition apply
the existing databases into their proposed recognition systems directly for
comparison study between their methods and others’ methods. The three
commonly used databases for Chinese character recognition are HCL2000,
ETL9B and CASIA database. Due to training purpose, these existing
databases use to store many samples per class. In this research, a new
recognition system without training process is designed and hence excessive

samples are not needed here. Instead of using the existing databases, a new
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database (i.e. CL2009) with only a single sample per class is created. The aim
of having this new idea is to show the powerfulness of our recognition system
such that it still gives a promising result even if there is no training process
and no excessive samples is stored in the database. Since only a single sample
is stored for each class in database, the sample chosen must be standard and
most representative of that particular class. Thus, all the characters in CL2009
database are standardized to the font style of songti. The CL2009 database
composed of 3000 most frequently used simplified Chinese characters which
are based on Ju Dan’s modern Chinese character frequency list. From
experiments, it can be proved that the collaboration of the proposed feature
extraction method and new designed classifier makes the recognition system
with CL2009 database works out well. Furthermore, it is advantageous to use
CL2009 database because it can help the proposed recognition system which
keeps the whole database in the system for classification to reduce the

consumption of memory space significantly.

II.  Propose new feature extraction method

Making use of the rich geometrical and topological characteristic of the
handwritten character trajectory, the new pattern descriptor proposed in this
research, X-Y graphs decomposition, is simple but powerful in extracting
informative features. This is indeed a new idea of feature extraction that
represents Chinese character by using simple X-graph and Y-graph. Both of
these graphs are based on how the character is written (or is referred to as
trajectory). Besides, these X-graph and Y-graph also cover both the global and

local features of the characters and so enhance the discrimination power. The
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important properties of this new proposed feature extraction method include
uniqueness, invariant of different writing styles and simplicity, which have

improved the performance of the recognition system to a great extent.

In X-Y graphs decomposition, these X-graph and Y-graph are unique
for each Chinese character, even for the case of similar characters. Hence, the
recognition system will be more distinguishable between similar characters
and the misclassification errors can be decreased consequently. In addition,
they are invariant of different writing styles such that it is dealing well not
only for regular handwritings, but also natural writings with shape
deformation. The pattern of both the X-graph and Y-graph is still preserved
even though for severe deformed characters. Therefore, X-Y graphs
decomposition is so discriminative that only a single sample needed to be
stored for each Chinese character in database, rather than storing many
excessive samples collected from different writers, as mentioned in Section
6.1(1). The strong discrimination power of X-Y graphs decomposition can be
proved from the experimental results shown in Table 5.4 which compares the
recognition rates of different feature extraction methods. It indicates that X-Y
graphs decomposition with higher recognition rates is superior to other feature
extraction methods. On the other hand, due to small dimensionality of features
(refer to Table 5.12) and simplicity of algorithm (refer to Table 5.10), the
performance of the system can be further boosted up in term of memory space

and speed.
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III. Propose new application of Haar wavelet transform

Wavelet based approaches are becoming increasingly popular in
pattern recognition and have recently been applied to character recognition.
Most of these wavelet approaches are applied to the character images. They
utilize the theory of multiresolution analysis (MRA) to interpret the image at
different resolutions and construct the feature vectors accordingly. In this
research, the application of wavelet transform on the X-graph and Y-graph

which is a new attempt of wavelet approach is presented.

Among different wavelet families, Haar wavelet is chosen for feature
size reduction due to its algorithm simplicity and efficiency. It reduces the size
of the feature vector by converting the feature vectors into two new sequences
of points which are the approximation and detailed coefficients of Haar
transform, but only approximation coefficients are considered for the
computation in classification stage. In each level of Haar transform, the
sequence of points will be reduced to half of its size and this will lead to an
easier computation than other wavelet transforms. In spite of the vast size
reduction by Haar transform, the extracted features still retain the important

information of the characters without affecting the recognition rate.

IV. Propose new designed classifier
For classification, a new novel classifier, that is the coefficient of

determination (COD) for 2-dimensional unreplicated linear functional

relationship (2D-ULFR) model is developed. For short, it is called R]f

classifier. It is based on the similarity measure via advanced statistically
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technique, between two character patterns which are constructed from the
trajectory of the input character and the character in database. The most
attractive advantage of this new designed classifier is that normalization which

is an unavoidable process for all the previously proposed classifiers can be

omitted for Rf) classifier. The idea of adding errors to both response variable

and explanatory variable allows more variation on input handwritings. Thus,
R; classifier has higher discrimination ability if compared to other existing
classifiers since it can tolerate well with the problem of size and position
variation of input characters, as well as the character deformation even without
implementing normalization process. Besides, due the simplicity of the
algorithm, the recognition system can be speeded up with reduced processing
time of 75.31%, 73.05%, 58.27% and 40.69% if compared to CBDD, MD,
CMF and MQDF classifiers respectively. Moreover, by excluding the

processing time of normalization, the speed of the recognition system can be
further accelerated. On the other hand, Rﬁ classifier also enhances the stability
and reliability of the recognition system. Therefore, it is undoubted that
Rf) classifier is more powerful and more appropriate to be adopted in the

character recognition system.

V. Improve performance of existing recognition systems
The new HCCR system proposed in this research is so efficient that it
has successfully overcome the following obstacles occur in most of the

existing recognition systems, as stated in Section 1.2:
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(@)

(i)

(iii)

Large dimensionality and parameter complexity — Compared to other
representative traditional feature extraction methods such as ARG,
whole character-based HMM and DFD with dimensionality of more
than 200, the new proposed feature extraction method, i.e. X-Y graphs
decomposition with Haar wavelet results in the smallest feature size of
dimension between 64 (inclusive) and 128 (exclusive). On the other
hand, unlike those classifiers which face parameter complexity

problem, including SVM, NN and MQDF classifier, the parameter size

of the Rﬁ classifier is small enough to be embedded directly into the

memory limited devices without any compression process.

Algorithm complexity — In spite of high recognition rate, the algorithm
used in some existing character recognition systems is complex and
this will lead to a degradation of the quality in term of speed. On the
contrary, neither complicated nor heavy computation is involved in the

proposed HCCR system. The simplicity of X-Y graphs decomposition

with Haar wavelet and RIZ, classifier has enhanced the performance of

the recognition system such that the processing time is reduced greatly.

Learning process — Majority of the previously proposed recognition
systems require learning process in order to estimate the appropriate
parameters for the embedded feature extraction schemes and/or
classifiers. However, large training set is a necessity for a reliable
recognition system and this will lead to large consumption of memory

space. Besides, it is also time-consuming. It is good that no learning
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(iv)

)

process is needed for the proposed recognition system and hence, the

problems mentioned above can be avoided.

Normalization process — High recognition rate is not the only
requirement for a good quality recognition system, but simple
algorithm which can boost up the speed of the recognition system is
also an important criterion and cannot be neglected. Throughout many
years, researchers tried hard to accelerate their recognition system by
reducing the complexity of the feature extraction schemes and
classifiers. Nonetheless, they never think of solving this problem from
the perspective of normalization (or preprocessing) and until now, no
one has tried to reduce the processing time by omitting normalization
process. They believe that normalization is an unavoidable process for
a recognition system and without normalization, it is impossible to

obtain a promising recognition rate. However, the new recognition
system with X-Y graphs decomposition, Haar wavelet and R]f classifier

has made this possible. It has been proved in Section 5.3 that the
recognition system still remains a high recognition rate, even without
undergoing normalization process since it is invariant of different size

and position of the input characters.

Storage of excessive samples — In order to tackle the problem of
different writing styles, especially the characters with serious deformed
shape, the existing databases which include HCL2000, ETL9B and

CASIA database used to store many samples collected from different
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writers for each character. Consequently, this will occupy extremely
large storage space. Since the proposed HCCR system is invariant of
different writing styles, the storage of excessive sample in CL2009
database is not necessary and hence the storage space can be saved

significantly.

On the whole, the efficiency of the new designed recognition system is
studied from the experimental results based on the database with 3000
frequently used simplified Chinese characters and 1000 testing samples

collected from 10 different writers. With the combination of X-Y graphs

decomposition, Haar wavelet transform and Rﬁ classifier, the recognition

system achieves a promising recognition rate up to 98.2% even though with
small dimensionality, reduced processing time and no normalization is
implemented. As a conclusion, these new proposed ideas give a great
improvement in the performance of the recognition system in term of
recognition rate, storage space and processing time. Undoubtedly, it has

provided a new inspiration for this research area.

6.2  Problems Encountered and Limitations
Throughout the research, some problems are encountered and they are

listed in the following:

(i) In order to make the experimental results more accurate, it is better to
apply the existing methods into the proposed recognition system for

comparison. However, applying others’ feature extraction methods is
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not easy since different types of features need to be stored for different
feature extraction methods. In other words, reconstruction of database
is required which is very time-consuming. Hence, no existing feature
extraction method is applied into the proposed recognition system to

compare with X-Y graphs decomposition.

(ii)) Due to time constraint, only 3000 characters are stored in the new
created database even though the Chinese character set consists of
approximately 50,000 characters, and only 1000 testing samples are

collected to generate the experimental results.

The limitation of the proposed recognition system is that it is stroke
number and stroke order dependent. In this research, the problem of stroke
number variation is solved by adding extra samples with varying stroke
number into the database (refer to Section 5.3.1). This will not affect the
storage space of the recognition system much since only the characters with
easily mistaken stroke number are selected. For stroke order variation problem,
incorrect stroke order will change the shape of the graphs severely as
illustrated in Figure 6.1. This has become a bottleneck since the recognition
rate will be degraded to a great extent. In fact, this problem can be overcome
by using the same solution as for stroke number variation problem. However,
this will definitely increase the consumption of storage space significantly

since there are many possibilities of stroke order for each character.
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Figure 6.1: Examples of Chinese characters with correct (left) and incorrect (right)
stroke order: (a) character ‘i (means go through or to connect) and (b) character ‘&
(means act as or because of).
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6.3

(®)

(i)

(iii)

Future Works

There are some issues that require further studies:

It is highly advantageous if the stroke order variation problem can be
solved; so that the recognition system will be more user-friendly and
more convenient in the sense that it is applicable to all the users
including those have no knowledge about the stroke order of Chinese
characters. Rearranging the pattern of the graphs will allow the stroke
order variation, but it is absolutely a difficult task which will be left for

further investigation.

Due to the flexibility of Ri , modification can be made in the future by

adding the dimensions for extra information or adjusting the descriptor,

in order to further improve the performance of the recognition system.

Instead of HCCR, Ri classifier can also be applied to the problem of

printed Chinese character recognition which is considered as an offline

approach. The initial work of this is discussed in Chen et al. (2010)

(refer to Section 6.4[3]). More improvements for the application of R;

classifier in offline approach still can be made in the future.
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6.4

Publications

The following is the list of publications at the time of thesis submission.

More publications resulting from this research are planned for submission.

[1]

(2]

(3]
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handwritten Chinese character recognition using X-Y graphs
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Chang, Y.F., Lee, J.C., Tong, W.L. and Gan, F.S. (2009). A new
classifiers for handwritten Chinese character recognition using 2-
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Appendix A: X-Y GRAPHS DECOMPOSITION AND R; CLASSIFIER

Appendix Al: X-graph (above) and Y-graph (below) Formed for Some of
the Strokes Exist in Chinese Characters
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Appendix A2: Examples of R; Values between Some Input Characters

and Database Characters

Case 1: Input characters with normalization process

No. Input characters Database Characters Rf, values
1.
@’q @/’J El/\] (i) 0.9799
= (i) 0.9446
(i) (ii)
2. = ) H :
R= z = (i) 0.9611
o & ANZ (ii) 0.9393
(i) (ii)
3. 5 . N
%& ?ﬁg %Z‘ (i) 0.9644
(i) 0.9622
(i) (ii)
4,
\i/] = _I:E (i) 0.9650
—1 1= (i) 0.9564
(i) (ii)
5. ST
7:}; % 7 (i) 0.9457
~ (ii) 0.8649
(i) (ii)
6. |- 7
53—1 J 2 [J éu (i) 0.9750
& (i) 0.9675
(i) (ii)
A
= = (i) 0.9647
/] (i) 0.9569
(i) (ii)
A R '
(i) 0.9553
. /N
Y } ] (ii) 0.9530
(i) (ii)
9. =
/I &l 7[\ ; \ (i) 0.9818
(i) 0.9517
i) (i)
1 .
2—» %S (ii) 0.9720




Case 2: Input characters without normalization process

No. Input characters | Database Characters R; values
s 49 E/\] (i) 0.9810
) (ii) (ii) 0.9437
> L g = (i) 0.9611
) \ (i) A= (ii) 0.9507
> 4 ?{Z (i) 0.9788
) (ii) (i) 0.9607
* (i) 0.9784
) (i) (i) 0.9586
’ k% & (i) 0.9203

e
(i1) 0.8425
(i) (ii)

° Bl %y gu (i) 0.9633
@) (i) (i) 0.9623
" B A ﬁ (i) 0.9443
@ (ii) (i1) 0.9429
N I B /f /J/’ﬂ\ (i) 0.9764
@) (ii) (i) 0.9642
S I A a \ (i) 0.9738
() (i) (ii) 0.9513
R 7 G ji— (i) 0.9795
@) (ii) (ii) 0.9773
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Appendix A3: 3000 Frequently Used Simplified Chinese Characters

Stored in the New Created Database

No. | Character No. | Character No. | Character No. | Character
1 i} 47 | Kk 93 | Wi 139 | &%
2 — 48 | & 94 | JF 140 | &
3 & 49 | 1E 95 | HH 141 | 3F
4 5 50 | 96 | I 142 | )
5 T 51 | JH 97 | R 143 | F
6 1 52 | 98 | M 144 |
7 A 53 | 1T 99 | M 145 | &%
8 H 54 | Bi 100 | 5K 146 | Ia
9 & 55 | & 101 | H 147 | 3k
10 | fib 56 | X 102 | % 148 |
11 | X 57 | Fh 103 | # 149 | 1k
12 |4 58 | F 104 | &= 150 | B
13 | 11 59 | & 105 | G 151 | =&
14 | 60 | 7 106 | /1 152 | #f
15 |k 61 | £ 107 | & 153 | W
16 | k 62 | & 108 | 5 154 | #%
17 | K 63 | 4 109 | K 155 | 7l
18 | A 64 | & 110 | {8 156 | fI
19 | M 65 | ik 111 | #l 157 | —
20 66 | % 112 | + 158 | %
21 | 67 | 113 | K 159 | =
22 | #| 68 | #B 114 | 28 160 | 1k
23 | b 69 | I 115 | & 161 | Br
24 | i 70 | B 116 | It 162 | ©
25 | W 71 | 4 117 | &2 163 | il
26 | % 72 | & 118 | T 164 | &
27 |t 73 | 3 119 | fff 165 | #
28 | 74 | 1 120 | 1% 166 | J
29 |2 75 | 121 | W 167 | Mt
30 | A 76 | A 122 | ¥ 168 | #r
31 | 77 | E 123 | 40 169 | A
32 | R 78 | K 124 | 4 170 | if
33 | At 79 | & 125 | = 171 | &
34 | & 80 | i& 126 | X 172 | 4]
35 | B 81 | it 127 | & 173 | ¥
36 |1 82 | i 128 | 4 174 | 1R
37 | F 83 | /h 129 | IF 175 | N
38 | M 84 | i 130 | 176 | 15
39 | & 85 | H 131 | 4 177 | &
40 | T 86 | it 132 | ¥ 178 | &
41 | & 87 | 133 | ¥ 179 | #
42 | F 88 | ¥t 134 | & 180 | 4
43 | H 89 | M 135 | I 181 | it
4 | 2z 90 | D 136 | H 182 | %
45 | 4F 91 |k 137 | 1) 183 | &K
46 | T 92 | & 138 | 1R 184 | J¥
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No. | Character No. | Character No. | Character No. | Character
185 | I 235 | 4 285 | U 335 | &
186 | 1T 236 | 4 286 | M 336 | &
187 | % 237 | & 287 | 4 337 | U
188 | /& 238 | % 288 | 7t 338 | Bt
189 239 | H 289 | ik 339 | it
190 | i@ 240 | N 290 | 340 | iR
191 | # 241 | & 291 | i 341 | i
192 | JL 242 | # 292 | ik 342 | iff
193 | i 243 | % 293 | fp 343 | 7
194 | & 244 | # 294 | % 344 | 4+
195 | 75 245 | % 295 | Ak 345 | ig
196 | 2 246 | il 296 | H 346 | &
197 | or 247 | ¥ 297 | # 347 | &
198 | & 248 | W 298 | & 348 | K,
199 | kb 249 | I 299 | E 349 | &
200 | # 250 | 300 | % 350 | &
201 | fi# 251 | it 301 | % 351 | Ik
202 | K 252 | & 302 | ¥ 352 | iR
203 | % 253 | # 303 | & 353 | T
204 | K 254 | T 304 | & 354 | i
205 | # 255 | H 305 | % 355 | &
206 | b 256 | 306 | it 356 | It
207 | ik 257 | & 307 | 7 357 | ¥F
208 | X 258 | fir 308 | 358 | 4
209 | % 259 | 1l 309 | i 359 | &
210 | A 260 | & 310 | % 360 | BF
211 | JL 261 | #& 311 | % 361 | &
212 | O 262 | 7% 312 | Kk 362 | %
213 | ik 263 | ¥F 313 | 4 363 |
214 | % 264 | 4 314 | & 364 | Ak
215 | T 265 | X 315 | dt 365 | ik
216 | & 266 | 1% 316 | 366 | R
217 | A 267 | & 317 | % 367 | I»
218 | J3 268 | b\ 318 | ik 368 |
219 | i 269 | 319 | % 369 | 1E
220 | /K% 270 | #t 320 | & 370 | G
221 | & 271 | & 321 | M 371 | %
222 | %l 272 | &¥ 322 | Ji 372 | +
223 | 41 273 | ik 323 | W 373 | iE
224 | % 274 | ifi 324 | hr 374 | i
225 | A 275 | & 325 | & 375 | K
226 | W 276 | & 326 | & 376 | ¥
227 | # 277 | ® 327 | i 377 | R
228 | it 278 | 328 | K 378 | &
229 | fi] 279 | fi 329 | 4 379 | #E
230 | H 280 | % 330 | & 380 | fii
231 | % 281 | IR 331 | fff 381 | if
232 | % 282 | 1 332 | £ 382 | &
233 | /b 283 | Ik 333 | Uifi 383 | W
234 | i 284 | M 334 | M 384 | 17
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No. | Character No. | Character No. | Character No. | Character
385 | K 435 | ¥ 485 | & 535 | 7t
386 | i 436 | i 486 | % 536 | &
387 | Y 437 | % 487 | 5 537 | &
388 | & 438 | M 488 | X 538 | %
389 | # 439 | ¥ 489 | 7 539 | &
390 | ¥ 440 | it 490 | J# 540 | %
391 | A& 441 | % 491 | & 541 | iR
392 | ¥ 442 | % 492 | iF 542 | &
393 | # 443 | 493 | i 543 | &
394 | & 444 | I 494 | X 544 | ¥
395 | ifi 445 | L 495 | #% 545 |
396 | it 446 | 1 496 | % 546 | B2
397 | % 447 | Wf 497 | H 547 | %
398 | k& 448 | 5§ 498 | Fifi 548 | B
399 | & 449 | 499 | i 549 | &
400 | iH 450 | i 500 | 41 550 | fit
401 | % 451 | )\ 501 | ik 551 | %%
402 | ® 452 | 1 502 | 4 552 | 4
403 | 5 453 | g 503 | Wy 553 | Jii
404 | i 454 | £ 504 | Mt 554 | ¥
405 455 | Fr 505 | # 555 | ¥k
406 | £ 456 | ¥ 506 | ¥ 556 | iU
407 | ® 457 | & 507 | & 557 | ¥l
408 | % 458 | T- 508 | 7 558 | &
409 | #r 459 | #r 509 | & 559 | &
410 | 1 460 | ¥ 510 | #x 560 | &
411 | % 461 | % 511 | 1 561 | it
412 | 462 | 512 | I3 562 | 4t
413 | 3 463 513 | 3¢ 563 | &
414 | f 464 | % 514 | %% 564 | %
415 | & 465 | &k 515 | - 565
416 | % 466 | tk 516 | # 566 | 5t
417 | iF 467 | % 517 | it 567 | Bt
418 | & 468 | J” 518 | & 568 | 1%
419 | W 469 | & 519 569 | fit
420 | . 470 | 520 | 4k 570 | B
421 | i 471 | b 521 | * 571 | 3
422 | ¥ 472 | & 522 | &I 572 | #
423 | b 473 | 5 523 | 573 | %
424 | 4 474 | % 524 | &% 574 | W
425 | 7R 475 | 7 525 | [ 575 | K
426 | 5 476 | H 526 | 1 576 | M
427 | Wi 477 | & 527 | & 577 | i
428 | B 478 | 7N 528 | & 578 | 4
429 | K 479 | 5l 529 | ¥ 579 | &
430 | £k 480 | i 530 | & 580 | =k
431 | 1l 481 | B 531 | ¥ 581 | M
432 | & 482 | B 532 | Ik 582 | &
433 | k. 483 | J 533 | # 583 | &
434 | W 484 | 534 | % 584 | 40
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No. | Character No. | Character No. | Character No. | Character
585 | 3% 635 | il 685 | XK 735 | th
586 | & 636 | 1% 686 | & 736 |
587 | & 637 | & 687 | & 737 |
588 | W 638 | 4 688 | 3k 738 | Iic
589 | R 639 | & 689 | Hi 739 | i
590 | # 640 | £ 690 | 7& 740 | &
591 | % 641 | Bt 691 | f1 741 | %
592 | ik 642 | = 692 | = 742 | %
593 | # 643 | ik 693 | f& 743 | Ik
594 | K 644 | I 694 | K 744 | [%
595 | i 645 | & 695 | ¥ 745 | B
596 | il 646 | N 696 | i 746 | H
597 | 4 647 | il 697 | # 747 | VL
598 | J& 648 | #E 698 | 4t 748 | %
599 | F 649 | i 699 | )2 749 | ¥
600 | 18 650 | FH 700 | ¥ 750 |
601 | 13 651 | 77 701 | W 751 | I
602 | Y 652 | W 702 | pf 752 | i
603 | & 653 | 1# 703 | % 753 | 1]
604 | B 654 | & 704 | U 754 | B
605 | M 655 | 4k 705 | i 755 | %
606 | # 656 | % 706 | 3= 756 | Ik
607 | Bl 657 | & 707 | A 757 | #
608 | f4l 658 | lfiL 708 | = 758 | %
609 | & 659 | Tl 709 | & 759 | &
610 | )& 660 | 1 710 | % 760 | 7
611 | Ak 661 | & 711 | W 761 |
612 | 7 662 | # 712 | ¥ 762 | £
613 | R 663 | i 713 | ¥ 763

614 | i 664 | I 714 | 3K 764 | il
615 | i 665 | & 715 | ¥ 765 | L
616 | X 666 | & 716 | A 766 | ¥i
617 | M 667 | ¥ 717 | £ 767 | I8
618 | %I 668 | & 718 | ¢ 768 | i&
619 | 'k 669 | I 719 | H 769 | #
620 | 75 670 | K 720 | 770 | &
621 | NI 671 | & 721 | M 771 |
622 | & 672 | K& 722 | & 772 | %
623 | & 673 | fF 723 | B 773 | it
624 | IR 674 | & 724 | B 774 | 1
625 | ¥ 675 | Bt 725 | 4 775 | &
626 | 676 | 726 | & 776 | &
627 | M 677 | & 727 | % 777 | #
628 | Ek 678 | & 728 | M 778 | H
629 679 | 77 729 | & 779 | B
630 | 680 | 730 | J@ 780 | #&
631 | 1A 681 | Ik 731 | & 781 | Bi
632 | P 682 | f 732 | % 782 | 2
633 | £ 683 | 1 733 | & 783 | A
634 | 77 684 | 4H 734 | R 784 | 4y
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No. | Character No. | Character No. | Character No. | Character
785 | 7F 835 | B 885 | & 935 | W
786 | & 836 | ¥ 886 | JK 936 | %
787 | & 837 | F+ 887 | 937 | &
788 | I 838 | i 888 | & 938 | i
789 | ® 839 | I 889 | fi 939 | fi
790 | H 840 | 7% 890 | ¥ 940 | #&
791 | W% 841 | & 891 | R 941 |
792 | % 842 | 7K 892 | it 942 | 1§
793 | Hh 843 | I 893 943 | it
794 | 1 844 | Ik 894 944 | #b
795 | BL 845 | iy 895 | 945 | i#f
796 | 5F 846 | % 896 | Fi 946 | B
797 | ¥ 847 | I 897 | 947 | #f
798 | 848 | ¥ 898 | & 948 |
799 | & 849 | 4 899 | i# 949 | J7
800 | & 850 | 900 | FE 950 | it
801 | /7 851 | il 901 | & 951 | ¥
802 | #! 852 | fi 902 | 3¢ 952 | #f
803 | it 853 | ¢ 903 | 3 953 | K
804 | Tf 854 | % 904 | 954 | &
805 | & 855 | & 905 | % 955 | 1L
806 | W 856 | i 906 | i 956 | &
807 | # 857 | Wk 907 | 957 | 1=
808 | & 858 | 4 908 | if 958 | fif
809 | F 859 | 4# 909 | I 959 | i
810 | K 860 | H 910 | & 960 | %
811 | % 861 | Ml 911 | i 961 | %
812 | Ji& 862 | M 912 | & 962 | 5
813 | ¥ 863 | )2 913 | & 963 | |
814 | &t 864 | i 914 | /i 964 | i
815 | Jii 865 | & 915 | IH 965 | fi
816 | 866 | fil 916 | ¥ 966 | i
817 | & 867 | ilit 917 | & 967 | M
818 | & 868 | A 918 | 968 | #&
819 | I 869 | 919 | % 969 | i
820 | fif 870 | i 920 | A 970 | 1&
821 | 11 871 | 921 | % 971 | /&
822 | 18 872 | 922 | % 972 | |
823 | Wk 873 | ut 923 | it 973 | &
824 | #t 874 | 1 924 | W 974 | &
825 | 4 875 | # 925 | ¥ 975 | #
826 | f& 876 | #% 926 | 1L 976 | JE
827 | - 877 | B 927 | 977 | #
828 | & 878 | I 928 | W 978 | %
829 | W% 879 | & 929 | Wf 979 | i
830 | W 880 | ¥ 930 | 1R 980 | i
831 | fr 881 | i 931 | & 981 | %
832 | &k 882 | M 932 | i 982 | &
833 | it 883 | mi 933 | IH 983 |
834 | ¥ 884 | Yr 934 | 984 | f&

A-8




No. Character No. Character No. Character No. Character
985 | # 1035 | ¥4 1085 | i& 1135 | %=
986 | % 1036 | 1086 | 12 1136 | 75
987 | M 1037 | Vi 1087 | #! 1137 | i®
988 1038 | 55 1088 | 4 1138 | [
989 | ik 1039 | 5 1089 | 1139 | i
990 | K 1040 | K 1090 | it 1140 | ¥
991 | i 1041 | J& 1091 | B 1141 | B
992 | I 1042 | R 1092 | % 1142 | B
993 | % 1043 | & 1093 | 1143 | &
994 | 1044 | 1094 | Mk 1144 | 5%
995 | #h 1045 | #k 1095 | 4% 1145
996 | ik 1046 | B 1096 | 4 1146 | &
997 | ¥ 1047 | fk 1097 | /% 1147 | 3
998 | K 1048 | & 1098 | i 1148 | &
999 | Bk 1049 | #% 1099 | U 1149 | U
1000 | i 1050 | & 1100 | 3% 1150 | %
1001 | & 1051 | ¥~ 1101 | 45 1151 | #
1002 | 1052 | & 1102 | & 1152 | &%
1003 | & 1053 | F 1103 | 1153 | &
1004 | 4 1054 | M 1104 | = 1154 | W
1005 | %k 1055 | & 1105 | 3 1155 | &
1006 | i 1056 | & 1106 | M 1156 | F*
1007 | % 1057 | 12 1107 | 1 1157 | Mk
1008 | /& 1058 | 1108 | Jik 1158 | #
1009 | K 1059 | # 1109 | JI| 1159 | 1§
1010 | M 1060 | %€ 1110 | 1160 | %
1011 | 7 1061 | 4 1111 | & 1161 | fif
1012 | i 1062 | ¥ 1112 | # 1162 | B
1013 | L 1063 | 5% 1113 | 1163 | W
1014 | 1064 | 3 1114 | £ 1164 | K
1015 | i 1065 | 1115 | 4T 1165 | /)
1016 | % 1066 | i 1116 | &I 1166 | i
1017 | #1 1067 | JJ 1117 | & 1167 |
1018 | 1068 | Ik 1118 | %% 1168 | |’
1019 | T 1069 | 10! 1119 | ik 1169 | &
1020 | 4% 1070 | VK 1120 | & 1170 | i
1021 | &% 1071 | /& 1121 | & 171 | &
1022 | i 1072 | It 1122 | {1 1172 | %
1023 | # 1073 | #7 1123 | ¥ 1173 | #
1024 | K 1074 | & 1124 | i 1174 | 4B
1025 | fH 1075 | It 1125 | 4f 1175 | H
1026 | # 1076 | 3 1126 | & 1176 | iT
1027 | #¥ 1077 | i& 1127 | 72 177 | ¥
1028 | %# 1078 | ¥ 1128 | Uil 1178 | i
1029 | # 1079 | 1129 | /& 1179 | %%
1030 | #& 1080 | % 1130 | 3 1180 | i
1031 | Bk 1081 | %% 1131 | #7 1181 | %)
1032 | ## 1082 | K 1132 | % 1182 | ¥
1033 | #& 1083 | & 1133 | Il 1183 | Wi
1034 | K& 1084 | ¥ 1134 | & 1184 | it

A-9




No. Character No. Character No. Character No. Character
1185 | Uk 1235 | £ 1285 | 7¢ 1335 | &
1186 | i 1236 | 4 1286 | Tk 1336 | i
1187 | L 1237 | Fi 1287 | 1337 | 3¢
1188 | M 1238 | il 1288 | & 1338 | &
1189 | F 1239 | W 1289 | 7L 1339 | Ji
1190 | ¥ 1240 | ) 1290 | H 1340 | 1
1191 | B 1241 | I 1291 | & 1341 | My
1192 | #ik 1242 | S 1292 | #F 1342 | %
1193 | & 1243 | & 1293 | % 1343 | 55
1194 | 1244 | 1294 | # 1344 | &
1195 | FU 1245 | & 1295 | 1R 1345 | fiY
1196 | 3% 1246 | 1 1296 | % 1346 | #f
1197 | #& 1247 | & 1297 | %€ 1347 | %
1198 | & 1248 | 14 1298 | £ 1348 | 3
1199 | 3§ 1249 | H 1299 | W 1349 | K
1200 | < 1250 | &b 1300 | B 1350 | it
1201 | $% 1251 | 5% 1301 | & 1351 | Jjil
1202 | 1252 | I 1302 | 1352 | JiH
1203 | # 1253 | fii 1303 | 1§ 1353 | &
1204 | fhi 1254 | % 1304 | 4i 1354 | &
1205 | £F 1255 | Al 1305 | & 1355 | Jit
1206 | & 1256 | 1306 | & 1356 | Hi
1207 | fil 1257 | i 1307 | & 1357 | B%
1208 | U 1258 | fiE 1308 | 14 1358 | £
1209 | 4 1259 | {fi 1309 | Bk 1359 | #
1210 | %% 1260 | i 1310 | 48 1360 | 1=
1211 | & 1261 | |} 1311 | K 1361 | 1%
1212 | B4 1262 | B 1312 | 1362 | 4
1213 | & 1263 1313 | #& 1363 | IR
1214 | # 1264 | & 1314 | B 1364 | K
1215 | i 1265 | I 1315 | % 1365 | it
1216 | £k 1266 | 3 1316 | M 1366 | 14l
1217 | JT 1267 | ] 1317 | 1367 | #
1218 | F# 1268 | 7F 1318 | % 1368 | 11
1219 | 14 1269 | K 1319 | k@ 1369 | i
1220 | U] 1270 | # 1320 | J3 1370 | H#E
1221 | %5 1271 | H 1321 | R 1371 | #f
1222 | & 1272 | 7% 1322 | & 1372
1223 | fit 1273 | = 1323 | & 1373 | T
1224 | B 1274 | % 1324 | % 1374 | iB
1225 | fili 1275 | #% 1325 | ¥ 1375 | 4
1226 | M 1276 | W] 1326 | 1 1376 | X
1227 | = 1277 | # 1327 | 2 1377 | i
1228 | # 1278 | W5 1328 | 7t 1378 | X
1229 | # 1279 | & 1329 | 1% 1379 | &
1230 | i 1280 1330 | 1% 1380 | X
1231 | % 1281 | 1331 | IH 1381 | il
1232 | # 1282 | J& 1332 | %if 1382 | %
1233 | ¥ 1283 | X 1333 | 1Z 1383 | Jit
1234 | 41 1284 | ffir 1334 | 9 1384 | 4

A-10




No. Character No. Character No. Character No. Character
1385 | H" 1435 | 1 1485 | %% 1535 | 4l
1386 | 1A 1436 | 1486 | i 1536 | 1L
1387 | & 1437 | 15 1487 | % 1537 | B*
1388 | = 1438 | ¥ 1488 | I¢ 1538 | i#
1389 | fk 1439 | i 1489 | 5 1539 | 4%
1390 | 1440 | ith 1490 | ¥F 1540 | &
1391 | 1441 | 7F 1491 | K 1541 | Ul
1392 | 1% 1442 | % 1492 | #i 1542 | &
1393 | 1443 | ft 1493 | = 1543 | 2=
1394 | & 1444 | & 1494 | i 1544 | &
1395 | J& 1445 | # 1495 | ¥ 1545 | A
1396 | #f 1446 | F 1496 | % 1546 | 7l
1397 | #il 1447 | 9l 1497 | I 1547 | %i
1398 | % 1448 | i 1498 | ¥ 1548 | o1
1399 | = 1449 | 4 1499 | & 1549 | K
1400 | % 1450 | ¥ 1500 | X 1550 | 3%
1401 | & 1451 | 1501 | ¥ 1551 | it
1402 | W 1452 | & 1502 | & 1552 | #
1403 | # 1453 | % 1503 | U 1553 | #
1404 | i 1454 | U5 1504 | A 1554 | £
1405 | V5 1455 | & 1505 | & 1555 | Bk
1406 | ¥ 1456 | IR 1506 | I 1556 | 1h
1407 | & 1457 | U 1507 | fil 1557 | il
1408 | H 1458 | [ 1508 | 13 1558 | 4
1409 | fi 1459 | & 1509 | 4 1559 | i
1410 | 5% 1460 | & 1510 | 1560 | I
1411 | 4L 1461 | I 1511 | 3% 1561 | ¥
1412 | # 1462 | % 1512 | 1562 | #
1413 | 4 1463 | ¥ 1513 | % 1563 | &
1414 | 1464 | 7% 1514 | fi 1564 | i
1415 | 3 1465 | % 1515 | #f 1565 | #)
1416 | @ 1466 | ' 1516 | Bk 1566 |
1417 | %) 1467 | #t 1517 | J* 1567 | %45
1418 | 3F 1468 | Jil 1518 | iff 1568 | i
1419 | & 1469 | ¥ 1519 | 1 1569 | X
1420 | 1470 | 1% 1520 | 4 1570 | &
1421 | 1471 | 1521 | £ 1571 | 2%
1422 | Hl 1472 | 1h 1522 | J& 1572 | T
1423 | & 1473 | 1§ 1523 | Jik 1573 | &
1424 | % 1474 | U 1524 | H 1574 | 1%
1425 | % 1475 | FE 1525 | #t 1575 | &
1426 | € 1476 | % 1526 | fii 1576 | )i
1427 | 1 1477 | % 1527 | B, 1577 | %)
1428 | & 1478 | &1 1528 | % 1578 | &
1429 | % 1479 | fii 1529 | ¥ 1579 | £
1430 | IR 1480 | Wt 1530 | % 1580 | #&
1431 | JF 1481 | %% 1531 | W 1581 | %
1432 | 4t 1482 | & 1532 | & 1582 | #*
1433 | # 1483 | i 1533 | ) 1583 | £
1434 | 18 1484 | % 1534 | 1% 1584 | U

A-11




No. Character No. Character No. Character No. Character
1585 | ik 1635 | J 1685 | & 1735 | &
1586 | 77 1636 | K4 1686 | #li 1736 | ¥
1587 | 1637 | 4% 1687 | 1t 1737 | /s
1588 | 17 1638 | #E 1688 | & 1738 | 5
1589 | 1§ 1639 | %= 1689 | It 1739 | #i
1590 | 1k 1640 | H# 1690 | ¥ 1740 | 1%
1591 | # 1641 | % 1691 | 1741 | 1
1592 | i 1642 | i 1692 | il 1742 | #%§
1593 | i 1643 | % 1693 | 1743 | 1@
1594 | fik 1644 | Pt 1694 | & 1744 | 1§
1595 | 3 1645 | & 1695 | & 1745 | B
1596 | # 1646 | % 1696 | 2 1746 | ¥l
1597 | fik 1647 | & 1697 | i 1747 | T
1598 | & 1648 | 3 1698 | 11 1748 | 4l
1599 | % 1649 | & 1699 | Ik 1749 | ¥
1600 | B 1650 | fic 1700 | Wi 1750 | I
1601 | M 1651 | fi 1701 | 1751 | 2
1602 | 1652 | HB 1702 | 1752 | 18
1603 | Mk 1653 | it 1703 | i 1753 | %
1604 | ffi 1654 | IR 1704 | Wi 1754 | 1
1605 | 4¥ 1655 | % 1705 | # 1755 | &
1606 | & 1656 | [l 1706 | fif 1756 | 1%
1607 | AL 1657 | 1707 | % 1757 | ¥
1608 | i 1658 | & 1708 | I 1758 | %
1609 | 1659 | 4l 1709 | it 1759 | &
1610 | 4 1660 | 7} 1710 | % 1760 | T
1611 | 7 1661 | B 1711 | S 1761 | #
1612 | X 1662 | & 1712 | fi 1762 | ¥
1613 | il 1663 | 1713 | Ji 1763 | ¥k
1614 | X 1664 | % 1714 | K 1764 | 16
1615 | % 1665 | &I 1715 | & 1765 | 17
1616 | & 1666 | # 1716 | B 1766 | #
1617 | 1 1667 | 1717 | % 1767 | 41
1618 | ¥ 1668 | 1 1718 | 4 1768 | &L
1619 | % 1669 | I 1719 | 1% 1769 | B¢
1620 | Jtt 1670 | % 1720 | & 1770 | ¥
1621 | 1671 | & 1721 | % 1771 | W
1622 | A 1672 | ¥ 1722 | % 1772 | il
1623 | #% 1673 | 1723 | 4 1773 | th
1624 | & 1674 | #£ 1724 | % 1774 | 5
1625 | 111 1675 | [ 1725 | & 1775 | ##
1626 | it 1676 | & 1726 | & 1776 | i
1627 | # 1677 | & 1727 | bk 1777 | B
1628 | Wik 1678 | M 1728 | & 1778 | W%
1629 | i 1679 | 7% 1729 | 5% 1779 | I
1630 | it 1680 | 1730 | ¥ 1780 | it
1631 | It 1681 | Ik 1731 | % 1781 | %%
1632 | & 1682 | & 1732 | i 1782 | 5%
1633 | K 1683 | # 1733 | B 1783 |
1634 | i 1684 | /i 1734 | I 1784 | %




No. Character No. Character No. Character No. Character
1785 | % 1835 | M 1885 | 1935 | L
1786 | &t 1836 | i 1886 | % 1936 | &
1787 | B4 1837 | & 1887 | 14 1937 | 7%
1788 | Fi 1838 | #i 1888 | I 1938 | J&
1789 | $i 1839 | Bk 1889 | Jii 1939 | i
1790 | Jik 1840 | % 1890 | %% 1940 | /X
1791 | & 1841 | & 1891 | Ji# 1941 | J§%
1792 | Jif 1842 | # 1892 | ~F 1942 |
1793 | & 1843 | itk 1893 | JIt 1943 | %t
1794 | Hl 1844 | & 1894 | 1 1944 | kit
1795 | 1845 | & 1895 | & 1945 | Jif
1796 | % 1846 1896 | % 1946 | %%
1797 | & 1847 | & 1897 | i 1947 | 4%
1798 | % 1848 | ht 1898 | # 1948 | X
1799 | % 1849 | & 1899 | & 1949 | M
1800 | AL 1850 | #f 1900 | i 1950 | B
1801 | H 1851 | %t 1901 1951 | ¥
1802 | 1852 | 4% 1902 | &5 1952 | &
1803 | ik 1853 | 1903 | M 1953 | f¥
1804 | # 1854 | i 1904 | < 1954 | 4
1805 | 411 1855 | ¥ 1905 | #3 1955 | %
1806 | 1% 1856 | fE 1906 | HT 1956 | %
1807 | 1857 | ¥ 1907 | & 1957 | H
1808 | ik 1858 | & 1908 | It 1958 | &
1809 | 4 1859 | & 1909 | 1& 1959 | #
1810 | 1% 1860 | % 1910 | # 1960 | fi
1811 | 3t 1861 | M 1911 | 1% 1961 | &
1812 | 4b 1862 | it 1912 | 1% 1962 | &
1813 | ¥F 1863 | A 1913 | 1963 | Fit
1814 | 4 1864 | it 1914 | I8 1964 | #
1815 | 4T 1865 | F) 1915 | 1 1965 | b
1816 | %= 1866 | JT 1916 | it 1966 | "2
1817 | Ji¢ 1867 | W& 1917 | i 1967 |
1818 | Mk 1868 | Ix 1918 | 1968 | I
1819 | & 1869 | Ik 1919 | & 1969 | &
1820 | $f 1870 | i 1920 | 1 1970 |
1821 | f& 1871 | 1} 1921 | | 1971 | 1A
1822 | # 1872 | Z 1922 | =& 1972 | #
1823 | # 1873 | Wi 1923 | ¥ 1973 | V)
1824 | Jil 1874 | =& 1924 | 7 1974 | ¥
1825 | 4 1875 | # 1925 | B 1975 | ¥
1826 | 4 1876 | 7T 1926 | M 1976 | i
1827 | K 1877 | I} 1927 | & 1977 | Wi
1828 | &k 1878 | # 1928 | % 1978 |
1829 | i 1879 | & 1929 | & 1979 | b
1830 | ] 1880 | & 1930 | £ 1980 | ¥
1831 | 1881 | ) 1931 | ¥ 1981 | 4
1832 | 1882 | & 1932 | Hil 1982 | ¥
1833 | i 1883 | Hh 1933 | #4 1983 | 44
1834 | 4 1884 | M 1934 | 4 1984 | i




No. Character No. Character No. Character No. Character
1985 | & 2035 | %k 2085 | 1 2135 | i
1986 | % 2036 | 4 2086 | il 2136 | il
1987 | ¥ 2037 | W 2087 | # 2137 | 4
1988 | I 2038 | 1 2088 | fil 2138 | W
1989 | & 2039 | & 2089 | fit 2139 | &
1990 | % 2040 | Mb 2090 | # 2140 | B
1991 | #% 2041 | % 2091 | & 2141 |
1992 | Uf 2042 | 8 2092 | #b 2142 | I
1993 | b 2043 | A 2093 | M 2143 | I
1994 | # 2044 | M 2094 | 4 2144 | &
1995 | i 2045 | B 2095 | % 2145 | i
1996 | 2046 | % 2096 | MF 2146 | ¥
1997 | it 2047 | M 2097 | % 2147 | &
1998 | 11 2048 | 7% 2098 | 1 2148 | J&
1999 | ¥ 2049 | I 2099 | #F 2149 | #&x
2000 | ¥4 2050 | 2100 | 4 2150 | &
2001 | T 2051 | 5% 2101 | £ 2151 | 4,
2002 | &= 2052 | ik 2102 | it 2152 | 1y
2003 | # 2053 | B 2103 | %1 2153 | ¥
2004 | £ 2054 | i 2104 | 1 2154 |
2005 | I 2055 | & 2105 | & 2155 | &
2006 | 1% 2056 | i 2106 | £F 2156 | U
2007 | W 2057 | 1% 2107 | ¥l 2157 | ¥
2008 | 9 2058 | ¥ 2108 | # 2158 | W
2009 | A 2059 | B 2109 | #& 2159 | Bk
2010 | il 2060 | 2110 | IF 2160 | 41
2011 | #+ 2061 | 4 2111 | #& 2161 | Vil
2012 | &% 2062 | ¥ 2112 | & 2162 | iF
2013 | & 2063 | & 2113 | & 2163 | &
2014 | = 2064 | 1# 2114 | B 2164 | ##
2015 | ¥ 2065 | JiE 2115 | 42 2165 |
2016 | 1 2066 | # 2116 | & 2166 | 4t
2017 | ¥ 2067 | & 2117 | #0 2167 | ¥
2018 | Bk 2068 | I 2118 | 1l 2168 | ik
2019 | ¥ 2069 | & 2119 | #i 2169 | Mt
2020 | #ff 2070 | ¥& 2120 | % 2170 | &
2021 | & 2071 | B 2121 | #k 2171 | &
2022 | % 2072 | % 2122 | 1% 2172 | #
2023 | # 2073 | #f 2123 | i 2173 | 1L
2024 | 7 2074 | 2124 | 4 2174 | W}
2025 | 2075 | Ji 2125 | ¥ 2175 | 1
2026 | i 2076 | ¥¥ 2126 | 2176 | 1T,
2027 | & 2077 | ¥t 2127 | 2177 | #
2028 | & 2078 | 2128 | i 2178 | Jii
2029 | Iy 2079 | H 2129 | |4 2179 | Ik
2030 | & 2080 | % 2130 | Hi 2180 |
2031 | W 2081 | & 2131 | 1% 2181 | &
2032 | # 2082 | % 2132 | J#f 2182 | Wik
2033 | f 2083 | Ik 2133 | 2183 | 4%
2034 | ) 2084 | fik 2134 | Hi 2184 | M

A-14




No. Character No. Character No. Character No. Character
2185 | 1& 2235 | 5 2285 | & 2335 | i
2186 | 4 2236 | 4 2286 | It 2336 | 2
2187 | ¥# 2237 | B& 2287 | 2337 | &
2188 | il 2238 | 2288 | # 2338 | %
2189 | A& 2239 | & 2289 | #il 2339 | ¥
2190 | ¥ 2240 | Hh 2290 | ¥ 2340 | 1
2191 | fiE 2241 | 1% 2291 | I 2341 | #
2192 | ¥ 2242 | 2292 | fik 2342 | &t
2193 | ¥ 2243 | i 2293 | ik 2343 | &
2194 | & 2244 | 7 2294 | M} 2344 | Wi
2195 | %& 2245 | il 2295 | Jit 2345 | 1
2196 | #if 2246 | Jk 2296 | & 2346 | Hi
2197 | I 2247 | A 2297 | 2347 | M
2198 | IF 2248 | 3 2298 | H# 2348 |
2199 | & 2249 | 2299 | % 2349 | W
2200 | J# 2250 | 2300 | 2350 |
2201 | HE 2251 | 2301 | Wi 2351 | %
2202 | 4~ 2252 | i 2302 | ¥ 2352 | ¥
2203 | 1 2253 | 4 2303 | # 2353 | #
2204 | 2254 | 2304 | fif 2354 | &
2205 | I 2255 | % 2305 | 1 2355 | 1k
2206 | fig 2256 | 2306 | M 2356 | %
2207 | Vi 2257 | I} 2307 | & 2357 | &
2208 | 1% 2258 | % 2308 | #k 2358 | #%
2209 | & 2259 | I 2309 | /% 2359 | Bf
2210 | %j 2260 | & 2310 | 4K 2360 | ™
2211 | Wi 2261 | 1if 2311 | & 2361 | &
2212 | 48 2262 | JE 2312 | M 2362 | Bt
2213 | # 2263 | 1% 2313 | %& 2363 | /I
2214 | % 2264 | i 2314 | A 2364 |
2215 | # 2265 | B 2315 | i 2365 | B
2216 | i& 2266 | 2316 | 2366 | Ui
2217 | ik 2267 | &I 2317 | & 2367 | 1f
2218 | 14 2268 | 3% 2318 | fif 2368 |
2219 | Ik 2269 | 1 2319 | i 2369 | K
2220 | Wi 2270 | % 2320 | 1% 2370 | &
2221 | & 2271 | & 2321 | I 2371 | 2
2222 | 2272 | & 2322 | 2372 | #
2223 | & 2273 | M 2323 | & 2373 | %
2224 2274 | i 2324 | 18 2374 |
2225 | i 2275 | M 2325 | i 2375 | 5
2226 | ¥ 2276 | 12 2326 | HF 2376 | Bk
2227 | Y 2277 | # 2327 | ik 2377 | 4
2228 | # 2278 | ¥ 2328 | 1 2378 |
2229 | 5 2279 | B: 2329 | & 2379 | W
2230 | 1 2280 | & 2330 | i 2380 | A
2231 | X 2281 2331 | £ 2381 | #%
2232 | ¥ 2282 | i 2332 | 11 2382 | M
2233 | I 2283 | i 2333 | & 2383 | My
2234 | 2284 | ik 2334 | i 2384 | I




No. Character No. Character No. Character No. Character
2385 | 4 2435 | £t 2485 | Kt 2535 | 1k
2386 | 12 2436 | B 2486 | Mk 2536 | I
2387 | # 2437 | 17 2487 | K% 2537 | fh
2388 | & 2438 | 2488 | 1k 2538 | ¥
2389 | #f 2439 | # 2489 | 3 2539 | &%
2390 | & 2440 | I 2490 | % 2540 | 7T
2391 | i 2441 | B 2491 | #F 2541 | fd
2392 | ff 2442 | Wik 2492 | B 2542 | bj
2393 | i 2443 | i 2493 | 1% 2543 | U
2394 | # 2444 | B 2494 | B 2544 | 5
2395 | [ 2445 | & 2495 | ¥ 2545 | i
2396 | & 2446 | & 2496 | & 2546 | 1
2397 | # 2447 | ¥ 2497 | B4 2547 | ik
2398 | 2448 | Hli 2498 | 4 2548 | i
2399 | 1% 2449 | {r 2499 | 2549 | i
2400 | Hk 2450 | JE 2500 | i 2550 | 3%
2401 | A% 2451 | 2501 | # 2551 | #l
2402 | i 2452 | I 2502 | 41 2552 | 4
2403 | ¢ 2453 | J 2503 | & 2553 | Ji
2404 | 75 2454 | ¥ 2504 | # 2554 | 4
2405 | M 2455 | #E 2505 | % 2555 | it
2406 | % 2456 | i 2506 | & 2556 | 5
2407 | & 2457 | 2507 | 2557 | i
2408 | & 2458 | i 2508 | 2558 | 15
2409 | 4j 2459 | M 2509 | % 2559 | =
2410 | U 2460 | H 2510 | b 2560 | IE
2411 | #4 2461 | & 2511 | 2561 |
2412 | 3 2462 | A 2512 | ¥8 2562 | &
2413 | ¥ 2463 | 2513 | Mt 2563 | 7]
2414 | #i 2464 | 3t 2514 | 2564 | iA
2415 | ¥ 2465 | 1 2515 | &5 2565 | fifi
2416 | i 2466 | W 2516 | ¥ 2566 | I
2417 | & 2467 | JH 2517 | W 2567 | 7%
2418 | iy 2468 | Jik 2518 | ¢ 2568 | I
2419 | B 2469 | & 2519 | 1 2569 | M
2420 | 2470 | 3k 2520 | & 2570 | &%
2421 | 4§ 2471 | i 2521 | & 2571 | i
2422 | % 2472 | 2522 | in 2572 | 1Y
2423 | M 2473 | [&l 2523 | 7 2573 | it
2424 | i, 2474 | % 2524 | 1 2574 | &t
2425 | # 2475 | |2 2525 | Ji 2575 | i
2426 | 2476 | it 2526 | &5 2576 | i
2427 | #& 2477 | 77 2527 | i 2577 | 4
2428 | 1@ 2478 | 3¢ 2528 | % 2578 | i
2429 | ‘7. 2479 | # 2529 | F 2579 | &
2430 | ¥ 2480 | W 2530 | % 2580 | ¥
2431 | # 2481 | ¥ 2531 | & 2581 | M
2432 | 1= 2482 | ¥k 2532 | 2582 | &
2433 | M 2483 | ¥ 2533 | & 2583 | 5
2434 | % 2484 | %l 2534 | 5¢ 2584 | %




No. Character No. Character No. Character No. Character
2585 | ) 2635 | 4 2685 | 4l 2735 | 0"
2586 | & 2636 | U5 2686 | 1H 2736 | W
2587 | & 2637 | & 2687 | Bk 2737 |
2588 | fij 2638 | Ut 2688 | 4% 2738 | M
2589 | Ik 2639 | & 2689 | 1i# 2739 | &
2590 | 1 2640 | ## 2690 | Wk 2740 | %
2591 | il 2641 | 4t 2691 | 4k 2741 | W
2592 | i 2642 | & 2692 | ~J 2742 | %
2593 | I 2643 | 2693 | fiil 2743 | &
2594 2644 | 1 2694 | 7% 2744 | W
2595 | % 2645 | N 2695 | ¥ 2745 | &
2506 | % 2646 | ¥ 2696 | i 2746 | W
2597 | # 2647 | & 2697 | 4 2747 | K
2598 | ¥ 2648 | i 2698 | i 2748 | #l
2599 | 2649 | K 2699 | Wi 2749 | fi
2600 | i 2650 | 45 2700 | 7] 2750 | ¥
2601 | & 2651 | & 2701 | & 2751 | Ui
2602 | & 2652 | i 2702 | ¥k 2752 | Ik
2603 | Ji 2653 | 2703 | IR 2753 | ¥
2604 | V& 2654 | #) 2704 | W\ 2754 | ¥k
2605 | L 2655 | Hi 2705 | #% 2755 | Wk
2606 | 15 2656 | B 2706 | ¥ 2756 | &
2607 | ¥k 2657 | & 2707 | ¥ 2757 | %
2608 | & 2658 | i 2708 | % 2758 | Bk
2609 | W 2659 | i 2709 | it 2759 | im
2610 | & 2660 | [ 2710 | % 2760 | i
2611 | T 2661 | 1 2711 | B 2761 |
2612 | it 2662 | & 2712 | #fd 2762 | Wl
2613 | & 2663 | K 2713 | 2763 | fif
2614 | ¥ 2664 | 1% 2714 | 3¢ 2764 | fii
2615 | # 2665 | & 2715 | ¥4 2765 | 1A
2616 | X 2666 | FH 2716 | ¥F 2766 | 1%
2617 | M 2667 | M 2717 | #i 2767 | Wk
2618 | fif 2668 | * 2718 | ¥ 2768 |
2619 | 54 2669 | I 2719 | i 2769 | 1
2620 | fr 2670 | % 2720 | #E 2770 | W
2621 | fi# 2671 | I® 2721 | iR 2771 | 7
2622 | & 2672 | & 2722 | 1 2772 | 5
2623 | 2673 | H 2723 | # 2773 | M
2624 | 1 2674 | ¥ 2724 | Ui 2774 | I
2625 | Ml 2675 | = 2725 | & 2775 | i
2626 | ¥ 2676 | 4i 2726 | jit 2776 | Wi
2627 | * 2677 | Wl 2727 | B 2777 | I
2628 | i 2678 | 4 2728 | i 2778 | &
2629 | ¥ 2679 | fit 2729 | it 2779 | %
2630 | A 2680 | ¥ 2730 | fiit 2780 | M
2631 | & 2681 | # 2731 | 8 2781 | t#
2632 | il 2682 | T 2732 | % 2782 | 1A
2633 | ZH 2683 | i 2733 | & 2783 | ¥
2634 | & 2684 | i 2734 | I 2784 |




No. Character No. Character No. Character No. Character
2785 | A4 2835 | T 2885 | F 2935 | 1k
2786 | M 2836 | i 2886 | #i 2936 | i
2787 | & 2837 | I 2887 | i 2937 | 4
2788 | 2838 | 2888 | I 2938 | &
2789 | i 2839 | 2889 | @ 2939 | ¥
2790 | A& 2840 | & 2890 | & 2940 | 1Y
2791 | &% 2841 | ¥ 2891 | f& 2941 | #%
2792 | if 2842 | % 2892 | i 2942 | B
2793 | it 2843 | #t 2893 | Hil 2943 | Wi
2794 | $% 2844 | ) 2894 | 2944 | Bk
2795 | # 2845 | 2895 | & 2945 | X
2796 | 1% 2846 | i 2896 | % 2946 | 4
2797 | & 2847 | 4F 2897 | % 2947 |
2798 | Wi 2848 | 2898 | Al 2948 | 1=
2799 | M 2849 | m 2899 | W 2949 | Ik
2800 | % 2850 | & 2900 | ¥ 2950 | &
2801 | 5 2851 | & 2901 | &F 2951 | 4
2802 | % 2852 | g 2902 2952 | ik
2803 | & 2853 | 3 2903 | # 2953 | #
2804 | & 2854 | A 2904 | U 2954 | #
2805 | M 2855 | WX 2905 | # 2955 | Bk
2806 | 2856 | % 2906 | % 2956 |
2807 | #i 2857 | ' 2907 | & 2957 | &
2808 | i 2858 | & 2908 | ¥ 2958 | 4
2809 | F 2859 | JU 2909 | % 2959 | &
2810 | Ifff 2860 | & 2910 | 2960 | HE
2811 | && 2861 | % 2911 | J3 2961 | Jil
2812 | i 2862 | M 2912 | #i 2962 |
2813 | IR 2863 | 2913 | Wy 2963 | &
2814 | A 2864 | T 2914 | ’E 2964 | 1)
2815 | Wk 2865 | i 2915 | I 2965 |
2816 | f& 2866 | ¢ 2916 | B 2966 | ik
2817 | {iL 2867 | ¥ 2917 | & 2967 | &
2818 | #&% 2868 | & 2918 | /T 2968 | i
2819 | I\ 2869 | fi 2919 | & 2969 | ik
2820 | Yl 2870 | Tk 2920 | Juj 2970 | 1%
2821 | 4 2871 | # 2921 | & 2971 | U
2822 | il 2872 | T 2922 | il 2972 | %
2823 | Hk 2873 | & 2923 | il 2973 | Nk
2824 | It 2874 | U 2924 | & 2974 | &
2825 | i 2875 | ¥ 2925 | 8k 2975 | #t
2826 | & 2876 | ¥ 2926 | & 2976 | B
2827 | 1 2877 | 4l 2927 | )i 2977 | W\
2828 | [5 2878 | iH. 2928 | It 2978 | 4l
2829 | & 2879 | ilff 2929 | I 2979 | &
2830 | ME 2880 | 19 2930 | & 2980 | %
2831 | i 2881 | B 2931 | I 2981 | 1A
2832 | 2 2882 | il 2932 | B 2982 | #
2833 | Ik 2883 | 2933 | i 2983 | #t
2834 | Bt 2884 | ¥ 2934 | 1 2984 | My




No.

Character

2985

2986

2987

2988

2989

2990

2991

2992

il

2993

i

2994

=
i

2995

2996

Hil

2997

2998

H-

Hi

2999

fit

3000

i




Appendix B: MATLAB PROGRAMMING

Appendix B1: Preprocessing

% Preprocessing includes binarization, cropping
normalization
% ==> Binarization: Change image to black & white

BinIm=~im2bw(x) ;

% ==> Cropping

[mRow,nCol]l=size(BinIm) ;

i=1;3=1;k=1;p=1;
sumRowFront=0; sumRowLast=0; sumColLeft=0; sumColRight=0;

while sumRowFront== | | sumRowLast==0 || sumColLeft==0
sumColRight==0
sumRowFront=sum(BinIm (i, :));
sumRowLast=sum (BinIm (mRow-j+1, :));

sumColLeft=sum(BinIm(:,k));
sumColRight=sum(BinIm(:,nCol-p+1));
if sumRowFront==
i=i+1;
elseif sumRowLast==0
Jj=3+1;
elseif sumColLeft==
k=k+1;
elseif sumColRight==0
p=p+1;
end
end
disp(1i);
LastCoor=mRow—-j+1;
disp(LastCoor) ;
disp (k) ;
RightCoor=nCol-p+1;
disp (RightCoor) ;

% ==> Normalization
width=RightCoor-k;
height=LastCoor-i;

J=~imcrop(BinIm, [k,i,width,height]);
imshow (imresize (J, [128 128]));
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Appendix B2: Feature Extraction

% Feature extraction includes X-Y graphs decomposition &
Haar wavelet transform

% ==> X-Y graphs decomposition
flag=1;
[cx1l,cyl,cl]=improfile(2"7);
cx=cx1l; cy=cyl; c=cl;

if flag==
save('datal.mat', 'cx','cy' 'e','"-vo'");
else

load('datal.mat', 'cx', 'cy','c');
cx=[cx; cx1];
cy=[cy;cyl];
c=[c;cl];

save ('datal.mat',
end

flag=flag+1l;

] A}

cx ,'CY'r 'C'I'_V6');

[

% ==> Haar wavelet transform

load('datal.mat', 'cx', 'cy');
sizeCx=size(cx,1);

numLoop = floor (loglO(sizeCx)/1ogl0(2));
level=numLoop-5; %Set to between 32 =2"5 size and 64=2"6
for lev=l:level

if lev==

[all,dl1l]=dwt (cx, "haar');
[al2,d12]=dwt (cy, "haar');

save ('data2.mat', 'all', 'dl1l', 'al2','dl2','-v6"'");
else

load ('data2.mat','all', 'dll’','al2','dl2");
[all,d11]=dwt (all, "haar'");
[al2,d12]=dwt (al2, "haar'");

save ('data2.mat', 'all', 'dl1', 'al2','dl2','-v6"'");
end

end

load ('data2.mat','all', 'dll’', 'al2','dl2"');
sizeOfall=size(all,l);

if sizeOfall==64

level = level+l;

[all,d11]=dwt (all, "haar'");
[al2,d12]=dwt (al2, "haar'");

save ('data2.mat', 'all', 'dl1', 'al2','dl2','-v6"'");
end



Appendix B3: Classification

o\

Classification includes coarse classification and fine
classification

[

% ==> Coarse classification

flag=1;

load database.mat; %Load characters in database
load('datal.mat', 'cx', 'cy','c'); %Load input character
numStroke=(size(cx,1))/128;

[a sizeFeature] = size(feature(l, :)); %To get the index
of characters in
database

for i=l:sizeFeature

NumOfStroke = feature (i) .stroke;

NumOfStroke = str2double (NumOfStroke);

il=i;

tf = isequal (numStroke, NumOfStroke);

if tf == %$To get from database all the characters of

same stroke as input character

if flag==

save ('datad4.mat', 'il', '-v6'); %$il==Index of the character

else

load('datad4.mat', "1i1");
il=[il; 1i];

save ('datad .mat', "il"', "=vo'");
end

flag=flag+1l;

end

end

% ==> Fine classification

load('datad.mat', "1i1");

sizPossChar=size(il, 1);

if sizPossChar==0

errordlg('!!!No Match Foundl!!', "Matching');

else

flag2=1;

load ('data2.mat','all', 'dll’', 'al2','dl2"');

X=[all,al2]; %Assign approximation coefficients of input
character to X

for k=1:sizPossChar

numl=1il(k,1);

Y=deal (feature (numl) .trend) ; $Assign approximation
coefficients of database

character to Y
R2M1=2D_ULFR(Y, X) ; %$Calculate COD of 2D-ULFR between
input character and database character
R2M=R2M1;
num=numl ;
if flag2==
save ('data5.mat"', "num', '"R2M"', '-v6 ") ;
else
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load('data5.mat', "num', "R2M") ;
R2M=[R2M; R2M1];
num=[num; numl];

save ('data5.mat"', "num', '"R2M"', '-v6 ") ;
end

flag2=flag2+1;

end

load('data5.mat', "num', "R2M") ;

maxR2M=max (R2M) ; %Determine the largest R2M values

sizR2M=size (R2M) ;

for p=1:sizR2M

val=R2M(p,1);

if val==maxR2M

save('data7.mat', 'p', '-v6");

end

end

load('data7.mat', 'p');

dbPos=1il(p,1); %Assign the 1index of matched database
character to dbPos

axes (handles.axes4) ;

$Display the 1image, pronunciation and meaning of the

matched database character

sImg=imread (feature (dbPos) .image) ;

set (handles.edit5, 'String', feature (dbPos) .pinyin);

set (handles.edit6, 'String', feature (dbPos) .meaning) ;

end



Appendix B4: MATLAB GUI for the Proposed HCCR System

Case 1: Testing for input character ‘3 (means come) with normalization.
[Left: Input character, Right: Output character]

-} ChineseCode_twl Elnx
Chinese Character Recognition System

Input Character QOutput Character

/f

Feature Extraction— Database Setup—— PinYin : lai2

Load |
o come ~

Save to Dh ‘
Meaning :
Imprafile Replace Cell vi Quit
- -
iv Reset -

Matchlng ‘ / A

Case 2: Testing for input character ‘3 (means come) without normalization
[Left: Input character, Right: Output character]

| <) ChineseCode_twl

Chinese Character Recognition System

Input Character QOutput Character

£ B M/
F ;‘\

—Feature Extraction— Database Setup— - PinYin : a2
Load I Saveto Db ‘
Meanlng Jtocome o
Improfile Replace Cell vi Quit

v
iv Reset =
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Desciption of MATLAB GUI for the Proposed HCCR System

®

(ii)

(iii)

@iv)
)
(vi)

“Matching” button — Match the input character to database character by
using R> classifier.

Feature extraction:

“Load” button — Load input character image, i.e. the image of
handwritten Chinese character collected from different writers.
“Improfile” button — Capture the x-coordinates and y-coordinates of each
written stroke, define feature vector and perform Haar wavelet
transform.

Database Setup:

“Save to Db” button — Save the features of the chinese character to the
new created database (CL2009).

“Replace Cell” button — Replace or correct the character features in
database if some mistakes are made in the database setup process.
“Reset” button — Reset the GUI or the recognition system to default.
Pinyin — Display the pronunciation of the Chinese character.

Meaning — Display the meaning if the Chinese character.

(vii) “Quit” button — Quit the GUI or close the recognition system.
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