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Abstract
Model-Based Identification of Oriental Documents

Rita A. Yacoub Said

Computers with the capability of identifying languages printed in documents can
support many potential applications including document classification for character
recognition, translation, and language understanding. Language identification is nor-
mally done manually. However, the high volume and variety of languages encountered
make manual identification impractical and an automatic language approach becomes
necessary. Therefore, language identification is a key step in the automatic processing
of document images.

This thesis is concerned with a model-based classification of Oriental documents
into Chinese, Japanese, and Korean. A model-based approach locates an object, of
which the computer has a model, in an image. In this work, the objects to be located
are some of the most frequently appearing characters in each of the three Oriental
languages, and the images to be searched for the objects are the Oriental documents
fed to the system.

A major part of the work is to locate instances of the character models in an
Oriental document, which is done by using the Hausdorff distance, a similarity mea-
sure defined between two sets of points. One of the point sets represents a model of
some Oriental character to look for, and the other represents each character in the
document image to be identified. Since Oriental documents are complex in structure,
a portion of the text is extracted from the input document for further processing.

The block of text extracted from the document to be classified is subject to some
preprocessing, namely skew correction and segmentation. Qur method of classification
then tries to match each character in the extracted block of text with the several most
frequently used character models, starting with Korean, followed by Japanese, and

ending with Chinese. This search order is crucial because of the major overlap of
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many Chinese characters in the Japanese and Korean languages. To prevent Korean
and Japanese documents from being misclassified as Chinese, the Chinese models are
applied at the end.

The wide variety of text fonts adds to the complexity of the identification problem
because our method is based on shape resemblance between the models and the
document’s characters. Our system is trained on 2 Chinese, 1 Japanese, and 2 Korean
commonly used fonts. The system can be made to handle other fonts that differ
markedly from those to which it is trained by adding the new fonts to the training
set, thus increasing the reliability of the system.

A document is rejected by the system in case its text orientation could not be
detected or no matches could be found in it, both in regular and in special fonts.

When tested on Hamanaka’s database which contains 391 document images, the
overall classification rate is 93.35% with a reliability of 98.92%. On Ding’s database
with 448 document images, the system achieved an overall classification rate of 98.21%
with a 100.00% reliability. It is note worthy to mention that both databases were
created at the Centre for Pattern Recognition and Machine Intelligence, CENPARMI.
The proposed model-based classification approach proved to be effective for the iden-

tification of document images stored electronically.
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Chapter 1

Introduction

1.1 The Challenge

Language is one of the most important means of human communication [SMR9S].
The hundreds of languages that are in common use worldwide today are the products
of long years of evolution. It is difficult to identify the language of a document if it
is not printed in one we are familiar with. Hence teaching the computer to deduce
and understand different languages is a big challenge. In case computers are capa-
ble of reading and identifying the languages printed in documents, several potential
operations would be possible including document classification, language understand-
ing, information retrieval, document sorting in support of character recognition, and
translation. This topic is referred to as language identification or differentiation in
the pattern recognition field.

The capability of recognizing multilingual documents by computers is a novel
approach [Spi97]. In the past, language identification was done manually by experts
due to the small amount of documents to be processed. However, the high volume and
variety of documents stored electronically in image form makes manual identification
impractical and developing an automated language identification system becomes a
necessity. For instance, the early detection of the language present in a document
has implications in the selection of the proper character recognition service [Spi97],
the fact that will considerably facilitate further processing. Furthermore, a reliable



system would considerably help librarians and others who work with multilingual
documents but do not know the language of the documents they deal with. Other
automated systems such as information retrieval would also benefit [SR96]. Hence
language identification has become a key step in the automatic processing of document

images.

1.2 Research Objective

Enabling computers to automatically process information found in printed Oriental
documents in an attempt to classify them into Chinese, Japanese, or Korean is the
objective of this research. To meet this objective, the following major steps had to

be carried out:

1. Find and rescale the most frequently used characters in each language to make

templates for Chinese, Japanese, and Korean.

o

Manually extract a block of text from a new image, and then the computer
takes over to segment it to character cells and rescale each character to the

templates’ size.
3. Compare each symbol of the new document to each language’s templates.

4. Choose the language whose templates provide the best match.

1.3 Previous Work on Language Identification

Research on language identification is recent compared to optical character recogni-

tion. The two current major areas of study are:

1. Script or category classification: there are several families into which different
languages are typeset, such as Roman, Arabic, Oriental, etc. Identifying the
language family of a document is the concern of category classification. Related
work can be found in [HKK95], [Spi97], [DLS97], [SBN9§], etc.
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2. Language identification: which consists of classifying a document within a cer-
tain language category. For instance, one could classify an Oriental document
into Chinese, Japanese, or Korean specifically [Spi97], [SH98], [DLS97]. Work
related to Roman language differentiation includes [Spi94], [SS94], etc.

The various techniques that have been developed for the identification of lan-
guages are mainly based on two approaches [DLS97]: searching for specific tokens
in different languages ([HKK95]) and using statistical information ([DLS97], [Spi94],
[SHoS]).

Statistics-based approaches first extract some features like optical density ([Spi94],
[LNB96]), upward and downward concavities ([LNB96]), horizontal projection profiles
as well as the distribution of connected components and their sizes ([DLS97]), then

the language of the document is identified based on the values of these features.

On the other hand, token (template) matching approaches determine a set of lan-
guage specific tokens or models for each language and searches for such models in the
document and then finds the best match.

Among the numerous families into which documents can be grouped, Oriental lan-
guages are the most spoken in the world, [SMR98]. Of these and of special interest to
this work are the Chinese, Japanese, and the Korean languages. Therefore, a review
of related work on Oriental language identification, based on both the statistical and
the template matching approaches, will be presented in sections 1.3.1 and 1.3.2, re-

spectively.

Most of the language differentiation work to date has been performed on Roman
languages. It is only lately that researchers have started to study the differentia-
tion between Chinese, Japanese, and Korean. In comparison with Roman language
differentiation, fewer methods have been proposed for Oriental scripts due to their

complexities and their very large character sets.



1.3.1 Related Work on Statistics-Based Techniques

In earlier work [Spi94], Spitz proposed a method to differentiate between Chinese,
Japanese, and Korean using optical density. In this method, a document image is
first segmented into character cells and within each such cell, the optical density of
a character cell is calculated. The optical density D1; of the i-th character cell is

defined as the number of ‘on’ pixels over its area, represented as follows:

B;

D= ——— 1
Hyp)W; (1)

where B; is the number of black pixels in the i-th cell, W; is the width of the i-th
cell, and Hy; is the height of the line to which the #-th cell belongs. Spitz showed that
the histograms of the optical density corresponding to Chinese, Japanese, and Korean
exhibit remarkably different distributions. The optical density function for Korean
documents shows a distinct bimodal nature, with the low density mode smaller than
the high density mode. The distribution of the Japanese documents is also charac-
terized as bimodal, but in this instance, the lower density mode is greater than the
high density one. In Chinese documents, there is only one significant mode. The
three languages are classified by applying a linear discriminant analysis (LDA) to the

histograms.

Spitz’s optical density is dependent on the language to which the character be-
longs and is also sensitive to the font and the printing style [Din99], and is influenced
by stroke width, as pointed out in [LNB96] and [SH98]. Density features depend on
character segmentation, therefore the characters should be segmented almost success-
fully, because complexities in Oriental languages change considerably from character

to character.

In [SH98], Suen et al. mentioned that while optical densities are influenced by
stroke width, those extracted from thinned images are insensitive to stroke width.
However, since thinning is usually time consuming, the authors proposed contour
density of the original image, which is calculated as the fraction of its area that is



on contour, and can be used instead of the optical density of a thinned image. The
contour density D2; of the #th cell is defined as:

C;

D2i= —— 2
% HpW; @)

where C; is the number of contour pixels in the i-th cell.

The method that the authors proposed for the identification of Oriental languages
is based on density (complexity) and curvature features, which they estimate to be
effective for identification. Many curvature extraction methods for digital images
have been proposed [WS93]. The curvature extraction method that the authors of
[SH98] have used is the k-curvature defined by Rosenfeld and Kak [RK82], where the
k-curvature is based on the derivative of tangent orientation. By using k-curvature,
straight lines and curves can be detected. Curvatures has the merit that a character
segmentation is not required, while it is needed to extract density. However, curva-
ture is dependent on character sizes, therefore characters have to be normalized to
the same height. Through their experiments, Suen et al. show that Japanese has
distributions a little different from Chinese and Korean. However, it seems to be
difficult to identify all three Oriental languages using only density features. In addi-
tion, using Rosenfeld’s k-curvature, it has been shown that Korean can be identified
by detecting straight lines and circles. However, curvature distributions for Chinese
and Japanese are very similar to each other. The authors consider that Oriental
languages can be identified using both the density and the curvature features. This
method alleviates the problem with documents in multiple fonts. In the experiments,
6 Chinese, 6 Japanese, and 6 Korean sample document images were used, each doc-

ument consisting of 200 characters.

In another work by Ding [Din99] and [DLS97], the author proposed three new
features that are effective in discriminating documents in Chinese, Japanese, and Ko-
rean; these features are complex structure (C), Korean “circles” (K), and long vertical

stroke (V). A character cell is said to have a complex structure if it has at least one
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loop containing other components, or this loop contains more than one inner con-
tour. Loops are extracted by applying the contour tracing algorithm [Str93], which
determines the connected components and stores them in a representation which re-
flects their topological relationships. The relationships captured include the order of
occurrence of the leftmost pixel of the uppermost part of each contour as the image
is scanned row by row, and the nesting of contours within others. Korean circles and
ellipses are contained in many Korean characters. Digitized circles and ellipses are
not perfect in geometry, because they are very similar to squares, rectangles and other
loops, which necessitated a search for methods to represent the difference between
Korean circles, ellipses, and other loops based on more than their shape alone, such
as size and location filtering. Korean vertical strokes is designed to target a group of
frequently used Korean characters which contain isolated vertical strokes as tall as the
Korean characters themselves. From the experimental results, the author concluded
that complex structure is important for separating Japanese texts from Chinese. Fur-
thermore, long vertical stroke is important for differentiating Korean from Chinese
and Japanese, while Korean circle/ellipse is necessary for the separation of Korean

from Chinese and Japanese texts.

Each processed document image should contain at least 200 characters, otherwise
the document is considered not to contain enough information to be identified. Ding

experimentally set the following to classify documents of the three languages:
1. If K > 9 and V > 13, then it is identified as Korean; otherwise

2. If C > 23, then it is classified as Chinese; if C < 21, it is Japanese; otherwise,

reject.

Applying this rule to 114 Chinese documents, the recognition rate of the system
was 94.69% , the error rate was 4.43%, and the rejection rate was 0.88% with one non-
processed document. For 49 Japanese documents, the recognition rate was 95.92%,
the error rate was 0.00% with a rejection rate of 4.08%. For 106 Korean documents,
the recognition rate was 93.33%, the error rate was 6.67%, and the rejection rate was

0.00% with one non-processed document. Some Chinese documents were misclassified
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as Japanese due to the existence of fewer complex structures in the font in which the
Chinese documents are printed. The Korean samples misclassified as Japanese are

due to problems with the Korean circle detection.

In an effort to improve classification results, Ding also used the K-means clustering
algorithm. For 114 Chinese documents, the recognition rate was 94.69%, the error
rate was 4.43%, and the rejection rate was 0.88%, with one non-processed document,
same results as before. For 49 Japanese, the recognition increased to 97.96%, the
error rate was 0.00%, and the rejection rate decreased to 2.04%. For 106 Korean,
Ding achieved a recognition rate of 97.14%, an error rate of 1.91%, and a rejection
rate of 0.95%, with one non-processed document. We clearly notice an improvement

in Japanese and Korean rates, with Korean benefiting the most.

1.3.2 Related Work on Template Matching Techniques

The literature on the automatic Asian script identification using template matching
approaches is very scarce. Most of the work done to date tackles the Oriental script
identification process statistically. The token matching techniques have been mostly
applied to European scripts like French, English, German, etc such as [NS93], [SS94],
and [NBS97] rather than Asian scripts like Chinese, Japanese, and Korean. The
template-based method of [HKK93] described in the current sub-section is concerned
with many languages including Asian ones. However, the authors presented the over-
all results of their system and thus its performance purely on Oriental scripts cannot

be estimated.

In [HKK95), Hochberg et al described a system that automatically identifies
the script of a document stored electronically in image format. The essence of the
approach is for the script identifier to discover a set of representative symbols or
templates in each script by means of cluster analysis, and then look for instances
of them in new documents. The cluster analysis identifies textual symbols, clusters
them, and calculates each cluster’s centroid. This serves as a representative symbol

for the cluster. Clusters with one or two members were eliminated to focus on the
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templates that were most likely to be useful. To identify the script used in a new
language, the authors compare a subset of its symbols to the templates for each
script, and choose the script whose templates provide the best match. The author’s
classification algorithm accepted the number of symbols to examine and a reliability
threshold. The system was tested on 65 test images and 68 challenge images. The test
set contained images drawn from the same sources as the training set. The challenge
set consisted of images not used in the training set including novel fonts and languages.
Among other scripts, there were 10 images of each Asian script in the training set,
5 images of each in the testing set, and 7 Chinese, 3 Japanese, and 6 Korean in the
challenge set. With the number of symbols over 75 and the reliability threshold over
50%, all 65 test images were correctly classified, and out of the 68 challenge images,
two or three images were misclassified. The documents misclassified by the system
are those printed in fonts that differ considerably from those in the training set. One

should be able to solve this problem by augmenting the training set.

1.4 Organization of the Thesis

This chapter introduced the challenge of identifying scripts by computers and the
reason an automated language identifier is necessary. It also outlined the potential
uses of an automated language identification system. In addition, it presented some
previous work on language identification of Asian languages. Statistics-based as well

as template-matching techniques were explored.

Chapter 2, entitled “Identification of Chinese, Japanese, and Korean”, will first
shed light on the characteristics of the three Oriental languages and then will explain
the preprocessing tasks to be undertaken before the system starts the identification
process. Such tasks include deskewing, text orientation detection and segmentation.
Most importantly, it will present this work’s method of identification which deals with

documents printed in various fonts.



Chapter 3, entitled “Ezperimental Results”, will present an analysis of the exper-
imental results in order to demonstrate the performance of the system tested on 2

independent datasets, the first created by Hamanaka and the second by Ding.

Chapter 4, entitled “Conclusion and Future Directions”, will state the major con-

tribution of this thesis and future research directions.



Chapter 2

Identification of Chinese,

Japanese, and Korean

2.1 Aspects of Oriental Languages

The identification of Chinese, Japanese, and Korean is a challenging task due to their
very large character sets and the complexity of their structure. Although Chinese,
Japanese, and Korean have individual characteristics that distinguish them from each
other, they all have a common structure of pictogram elements. They give people
the impression of a picture. They are inter-related either through a common set of
characters, or through usage of loaned words or meanings. Both Japanese and Ko-
rean have adapted many of the Chinese characters or expressions. For instance, some
Chinese characters constitute a large proportion of Japanese texts, and some Chi-
nese words form the vocabulary of an equally large proportion of Korean expressions
[SMR98]. This large overlap of Chinese characters adds to their complexity. Prior to
introducing the identification of these three Oriental languages, let’s explore some of

their unique aspects.
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AU, BUBRRR HH TEREGHR
1) GHNEERE E—fE
THRANRBREFERE, RERS
K> MBEELAYE KRREE.
AEEVFRAERAALE, h B
Ho &, #E/HERAMERT

Figure 1: A sample Chinese (simplified) document image printed horizontally.

2.1.1 The Chinese Language

Chinese has a long history of more than 4,500 years. It is being used in many places
like China, Hong Kong, Taiwan, Singapore, and Malaysia. Chinese characters are
traditionally written from top to bottom in a vertical line that shifts from right to
left, but nowadays most texts are written from left to right on a horizontal line. They
are the only pure ideograms in the present world [Nak80] and have a very unique
writing system due to the construction of its characters. Each character is formed
by a certain number of strokes, usually less than 12 in number [Din99], and some
characters are so complicated that they have more than 30 strokes [Wan88]. Each
Chinese character is confined in a rectangle or square area known as the “square
word”. The other property of the Chinese language is its large vocabulary. It is
believed that there are about 55,000 Chinese characters, while only about 3,000 to
4,000 are used daily. Nowadays, simplified Chinese characters are used in China,
while the traditional form is still used in Hong Kong and Taiwan [SH9S]. Figure 1
show an example of a horizontal Chinese document while Figure 2 illustrates a vertical

one.
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Figure 2: A sample Chinese (simplified) document image printed vertically.

2.1.2 The Japanese Language

Japanese imported Chinese characters from China over a thousand years ago. Around
4,000 Chinese characters, called Kanji, are used daily in Japan. Contemporary
Japanese is written in Kanji and two sets of Japanese Kanas, namely Hiregana and
Katakana which are phonetic symbols invented by the Japanese to represent particles
and other grammatical devices which have no exact equivalents in Chinese [SMR98].
According to [SH98], Kana characters are pure syllabaries, obtained by simplifying
some Kanji characters; their average number of stroke is 2 or 3. Hiragana is a cursive
script which is used together with Kanji, while Katakana is an angular script which
is used for loaned words and emphasis. Each set contains about 80 characters. 50%
of usual Japanese texts is occupied by Hiragana and about 30 to 40% is by Kanji.
Like Chinese, the orientation of Japanese text is either horizontal as shown in Figure

3 or vertical as depicted in Figure 4.



AExFF - TWTH AEZERTEINS
r—ANHADODTEETHZE, 7
S5y 2 YAMZEH - TWBRKEILSE
N1Eh, EBEOAEBMNFEF - TV
HEFICEHEL T EENT D
EIWCIeBDTEES., ¥/, LiXL

Figure 3: A sample Japanese document image printed horizontally.

F XL & & > o
z S E L T
FFLOLTE “HK I
2D N H HE R
T &% 5% 2 A ¥ %
Vv 9 b T % B
5 2D 2 » BT
b=g12nﬁk%'?ﬁ
Z Wm OCIH I FEE
?kééﬁg‘(qziﬁ
5 N A 3(‘.’.\«:§
'($b=ﬂ<(k

B 28 2 2 L A
(é:iﬁézgt:&
D H T B »H T

Figure 4: A sample Japanese document image printed vertically.
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e A oA, v o,

& Aol e olu Mg
AN FA WHA oA A 7}
o] AW, E—ASe £, 344
2z} ojete] gdzte) HAo] 21
b ARY Aoz weuse g

Figure 5: A sample Korean document image printed horizontally.

2.1.3 The Korean Language

Up to the 15th century, there was no distinct Korean alphabet, and Koreans used
Chinese ideographs to express their language in writing, sometimes to represent the
ideograph’s original meaning and sometimes to simply express sounds. However,
learning complex Chinese characters was a difficulty for the common people. There-
fore, King Sejong the Great commissioned a team of scholars to devise a new simple
method of writing down spoken Korean. As a result, Hangul was invented in 1443
[SMR98]. Hangul is a syllabic system characterized by its two dimensional composi-
tion of three graphemes called the first sound (consonant), the middle sound (vowel),
and the optional last sound (consonant). The number of graphemes which belong to
the first sound is 19, that to the middle sound is 21, and that to the last is 27. The
number of possible Korean characters that are generated this way is very large, a total
of 11,172 characters but only 2,350 of them are enough for daily use [LKB96]. There
are many character shapes that look alike, which makes Korean identification very
difficult. Hangul is used throughout Korea though Chinese characters are still used
to represent original Chinese loaned words. Like Chinese and Japanese, Korean text

can be printed horizontally or vertically as illustrated in Figures 5 and 6, respectively.
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Figure 6: A sample Korean document image printed vertically.
2.2 Preprocessing

2.2.1 Skew Correction

Due to scanning for example, the lines of a document image are not always straight.
Since our segmentation method relies on horizontal and vertical projection profiles,
the document image is deskewed prior to segmentation in case a skew angle was de-
tected. The skew correction algorithm used by this work is presented in [WBS98]
where Waked et al. used the Hough Transform [DH735], which is commonly used for
detecting lines in an image. The idea is to transform points in an image space zyto a
new space domain pf, using the transform equation p; = zcos8; +ysinb;. The authors
then search for peaks which correspond to lines in the image. The peak is formed
when the transformed points lie along a given line in the image. The angle of each
line can be found from the coordinates p and @ of the peak. Because the transform

equation is time-consuming, not all the pixels are transformed. Only two points from
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each box of connected components are transformed: the bottom left and right corners.

Another important consideration is to construct the Hough domain by quantifying
the Hough space along p and 8. 6 is chosen to be between —90° and +90°, and the
resolution angle is set to 0.5°. Along the p axis, p; ranges between —p,n., and +ppmaz,
where pmoz = (h? + w?)/R, h and w are the height and the width of the image, and
R is the resolution, set to 1/5 of the average box height [FK88]. After the Hough
space is defined, the transformation equation is used where each time a sinusoidal
curve intersects another at (p;,0;), the value is incremented at this location. Then,
the maximal peaks are located within a window of 8x8 cells, and the maximum is
detected within a neighborhood surrounding each maximal peak. The skew angle is
then searched for in the region where angles occur most frequently, namely —25° and
+25°. Therefore, the skew angle is considered as the most frequently occurring local
maximum in this range. Figures 7 and 9 both show a skewed Korean document with
a skew angle of —1.5° and 0.5°, respectively. Figures 8 and 10 show their respective

deskewed image.

2.2.2 Detection of Text Orientation

The deskewing algorithm results in an image with zero skew angle. Next, we have
to determine the text orientation of the deskewed image, i.e., whether the image is
printed horizontally or vertically. Text orientation detection is a prerequisite for our

segmentation algorithm, as will be explained in sub-section 2.2.3.

The process of determining the text orientation of an image is based on the fol-

lowing observations:

e The horizontal projection profile of a horizontal image displays clear white-runs
between the histograms which reflect inter-line gaps as shown in Figure 12,
which displays the horizontal projection of the horizontal image in Figure 11.
However, the horizontal projection of a vertical image displays very few gaps,

if any at all. Figure 14 shows the horizontal projection of the vertical image of -
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HoNE shbdel AL Hale) 2y WA 2 £ o gz
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MoclzBdel Hu B NEAX) ARY 4 Hae o]zt
el A4, A€ o AFe A IHE FTFY oY) =
£ dste] doltd 25 WY, oA A=) YHE wany A
loh, dul—state] AFE WA Bl AW ojwre) sojye
S oAl oA wPEE AT =¥gvde B2 uanw oy
AN EAAFT ol clel Bu(E)E AR dare sga
Sdolagtn ¢ RS2

42 28 7} A& Holth o] mE He suyde sasa
T SAe] 28Uz 28 FAM %o euisbst Ham sl
£, 4Feld £ Fd, A YAE AR 7 2o of
AT ABAALE chAAlE T2 YAlE BeAE 2o 2ue
HLA7] HE ARAAle) 5ge AT sz eos s
71$-2 ofa} 2 .

I A7 ol @Y gL 73] AT 494 A5
A 2v AFe LY FRasie TEAe] g2\ e Hg
= T RNE 9 Ae FEA 3:15%E} o] oju g

Figure 7: A Korean document image with a skew angle of —1.5°.
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Figure 8: The resulting Korean document of Figure 7 after deskewing.
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Figure 9: A Korean document image with a skew angle of 0.5°.
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Figure 10: The resulting Korean document of Figure 9 after deskewing.




Figure 13.

On the other hand, the vertical projection profile of a vertical image displays
clear white-runs between the histograms which reflect inter-column gaps as
shown in Figure 16, which displays the vertical projection of the vertical image
in Figure 13. However, the vertical projection of a horizontal image displays
very few gaps, if any at all. Figure 15 shows the vertical projection of the
horizontal image of Figure 11.

As a result, there are more white pixels in the horizontal projection of a hori-
zontal document than in its vertical one. This can be noticed in Figures 12 and
15. By the same token, there are more white pixels in the vertical projection
of a vertical document than in its horizontal one, as shown in Figures 14 and
16. It is worthwhile to mention that the leading and ending white-runs of the
vertical and the horizontal projections are ignored because the white pixels in
them are not significant as illustrated in Figure 17. It rarely happens that the
number of white pixels in the vertical projection of a vertical document is the
same as the number of white pixels its horizontal one, or that the number of
white pixels in the horizontal projection of a horizontal document is the same
as the number of white pixels its vertical one. In such a case, the document is

rejected because its text orientation cannot be detected.
Our text orientation detection involves the following steps:
e Given the deskewed image, it is vertically and horizontally projected.

o The vertical and the horizontal projections are scanned in turn searching for
white pixels, excluding the ones in the leading and ending white-runs of the

projections.
e The text orientation is detected according to the following criteria:

— The document is said to be horizontal in case more white pixels are found

in its horizontal projection than in its vertical one.
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Figure 11: A horizontal Japanese document. Figure 12 shows its horizontal projec-
tion.
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| - Inter-line gap

Figure 12: The horizontal projection of a horizontal Japanese document.
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Figure 13: A vertical Japanese document. Figure 14 shows its horizontal projection.



Figure 14: The horizontal projection of a vertical Japanese document.
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Figure 15: The vertical projection of the horizontal Japanese document of Figure 11.

- Inter-column gap

Figure 16: The vertical projection of the vertical Japanese document of Figure 13.
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Figure 17: The leading and ending white-runs in horizontal and vertical projections.



— The document is said to be vertical in case more white pixels are found in

its vertical projection than in its horizontal one.

— In case both of the projections consisted of the same number of white

pixels, the document is rejected because its text orientation is undetected,

which halts segmentation and thus further processing.

2.2.3 Document Segmentation

Segmentation includes line or column extraction and their segmentation into char-

acter cells. Line or column extraction is done by means of projection profiles. The

inter-line or inter-column gaps are considered as line or column separators. Figure
18 shows that the characters of the first line are processed, one at a time, before

processing the characters of the second line and so on. Thus, the system finds the

first line, normalizes and matches all the characters belonging to a certain line with

the various models before moving on to the next line. This process is repeated until

all the lines in the image are processed.

The segmentation algorithm works as follows:

e For a horizontal image:

1.

2.

S'J!

we first start by projecting it horizontally to get the lines constituting it.

The projection is scanned to locate a white space separating two consecu-

tive peaks. The top and bottom boundaries of a line are obtained.

The line just extracted is projected vertically to get its individual charac-
ters and the projection is scanned to locate a white space separating two

consecutive characters. At this point, the width of a character is obtained.
The character is then projected horizontally to get its height.

Now that the height and the width of the character are known, it is normal-
ized to the size of the templates used later for the search. The character

is ready to be matched with the various models.
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6. Steps 2 to 5 are repeated until the horizontal projection in step 1 is com-

pletely scanned, i.e.. until the last line is reached.

e For a vertical image:

1. we first start by projecting it vertically to get the columns constituting it.

2. The projection is scanned to locate a wﬁite space separating two consecu-
tive peaks. The left and right boundaries of a column are obtained.

3. The column just extracted is projected horizontally to get its individual
characters and the projection is scanned to locate a white space separating
two comsecutive characters. At this point, the height of a character is
obtained.

4. The character is then projected vertically to get its width.

Now that the height and the width of the character are known, it is normal-

ized to the size of the templates used later for the search. The character

.Cn

is ready to be matched with the various models.

6. Steps 2 to 5 are repeated until the vertical projection in step 1 is completely

scanned, i.e., until the last column is reached.

2.2.4 Size Normalization

The normalization transformation is based on linear image transform. Since the size
of the image to be normalized may be larger or smaller than the standard size, we
should make some mapping by checking image indices of both images. Otherwise,
some pixels of the normalized image may not find their corresponding pixels from the

original image.

2.3 The Proposed Identification Method

Our system automatically distinguishes Oriental documents, namely Chinese, Japanese,
and Korean, stored electronically in image form. The essence of our identification ap-
proach is to look for instances of frequent characters, called models, of each script in
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Figure 18: A sample horizontal Korean document segmented into lines and characters.
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the input documents. We use the Hausdorff distance to test the shape resemblance

between the representative models and the characters of the input document.

2.3.1 The Hausdorff Distance

Computer vision is the study of methods that take an image, and extract some in-
formation from the image: what objects there are in the image, their location, their
shapes and so on. One interesting topic in computer vision is that of model-based
recognition. This is the problem of locating an object, of which the computer has a
model, in an image [Ruc96]. Model-based recognition is applicable to many practical

task domains such as document processing applications.

Our differentiation between Chinese, Japanese and Korean documents is based
on the Hausdorff distance, which is a similarity measure defined between two sets of
points. In model-based recognition, one of the point sets represents a model of some

object, and the other represents an image to be searched for that object.

Suppose that we have two sets of points, representing a model and an image. The
Hausdorff distance between these two point sets is small when every point in the
model is close to some point in the image, and every point in the image is close to
some point in the model. Intuitively, this is a good property to have for model-based
recognition because it defines a measure of how much the sets look like each other.
The Hausdorff distance is also a metric. That is, the distance function is everywhere
positive, and has the properties of identity, symmetry and the triangle inequality.
These properties correspond to our intuitive notions of shape resemblance, namely
that a shape is identical only to itself, the order of comparison of two shapes does
not matter, and two shapes that are highly dissimilar cannot both be similar to some
third shape [HKR93].

The Hausdorff distance is actually composed of two distances: the forward dis-
tance, h(M,I), which is the distance from the model M to the image I, and the reverse
distance, h(I,M), the distance from the image I to the model M. h(I,M) identifies the
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point ¢ € I that is farthest from any point of M and measures the distance from i
to its nearest neighbour in M. In effect, h(I,M) ranks each point of I based on its
distance to the nearest point of M and then uses the largest ranked such point as the
distance (the most mismatched point of I). h(I,M) will be small when exactly every
point of I is near some point of M. Similarly, h(M,I) will be small when every point
of M is near some point of I, and the undirected Hausdorff distance H(I,M) will be
small when both of these are true, [HKR93]. The Hausdorff distance H(I,M) is the
maximum of h(I, M) and h(M,I). It measures the degree of of mismatch between two
sets by measuring the distance of the point of I that is farthest from any point of M
and vice versa. Ideally, if I is similar to M, H(I,M) is small so that, equivalently, the
degree of mismatch between the image and the model is small.

2.3.2 Definition

The Hausdorff distance measures the extent to which each point of a model set lies
near some point of an image set and vice versa. Thus, this distance can be used to
determine the degree of resemblance between two objects that are superimposed on

one another.

The Hausdorff distance between two finite sets I = {1,...,7,} and M= {my,...,m.}
of points in the plane is defined as

H(I,M) = max(h(I,M),h(M,I)) (3)

where
h(L, M) = maxjey(minmemlli — m||) (4)
and |[|.|| is some underlying norm on the points of I and M (e.g., The L; or Eu-

clidean norm).



Computing h(M,I) necessitates the finding of the distance from each point of M
to the nearest point of I, which involves many distance determinations. This com-
putation can be made significantly more efficient by pre-computing an array of these
distance values: compute an array D such that D[x,y] (for integers x, y) is the dis-
tance from the point (x,y) to the closest point of I. This array is called the distance
transformation of 1. Sub-section 2.3.5 presents the algorithm used to compute the

distance transformation of a binary image.

2.3.3 The Modified Hausdorff Distance

It should be noted that the Hausdorff distance is susceptible to noise. A number of
extensions [HKR93, Pau97] have been proposed to improve its resilience to noise. For
example, the Hausdorff distance can be calculated on a kth (k is a proportion of p
and q) largest, instead of the maximum, distance of two images. The selection of k
is arbitrary that important information may be cut off. A better choice, proposed
in [Li98], is instead of using the maximum of minimum distance, use the average

minimum distance defined below:

where
h(i,M) = (minmeml|i — m]f)

h(m,I) = (min;jegl/m — iff)

h(i,M) is the minimum distance from a point in I to any point in M. p and ¢ are

the number of pixels in the image and model, respectively.
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This distance is called the averaged Hausdotff distance and it reflects the overall

likeliness between two point sets and is more resilient to noise [Li98].

For each character model, we compute its distance transformation. When a char-
acter from the input image comes in for matching, we first scale it to the size of the
character model, generate its distance transformation, and then match it to the char-
acter model, starting at the top left corner and moving left to right, top to bottom.
The average Hausdorff distance between two images is calculated as the sum of the
minimal distances for all black pixels in one image to the corresponding pixels in the

other image, averaged by the total number of pixels in each image.

In equation (5), let S1 =Y cpr b(m,I), S2 = Y icr (2, M) and H = H(I, M), for
illustration purposes. Part (a) of Figure 19 shows the most frequently used Chinese
model, part (b) shows an instance of the model in part (a) extracted from a document,
while part (c) shows another Chinese character that is obviously different from the
model in part (a). The Chinese model and the character in part (b) are said to
match in case the Hausdorff distance H between them falls below the threshold value
(0.05634) corresponding to the Chinese model of part (a2). Otherwise, a mismatch
between them is produced. Same for the Chinese character in part (c). Since the
model and the image in part (b) are in fact the same, we expect the resulting Hausdorff
distance to be less than or equal to the threshold value. The opposite should occur
for the image in part (c), namely that the resulting Hausdorff distance should be
greater than the threshold value stated above. Figure 19 shows the numerical values
of S1 and S2 stated above as well as the modified Hausdorff distance H, computed
according to equation (3), when both a match and a mismatch are produced. For
part (b) of Figure 19, S1 = (0+...+1+ 1+ ... +0+... +1.4142 +...) and
S2=0+...+14+0+...+14+0+...+1+...,1.4142,...). As for part (c) of
Figure 19, S1 =0+ ... +1+2+3+... +1.4142 + 28284 + ... +4 +...) and
S52=0+...414+1+141424+0+...+2.8284 +...). Note that S1 and S2 are

divided by ¢ and p, respectively, resulting in their mean values.
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Model Imagel Image?2
q=515 S1=0.0717 S1=1.0923

S2=0.0815 S2=0.7854
p=518 p= 396
H=0.0148 H=0.2061
Match Mismatch
(a) (b) ©)

Figure 19: An example of a match and a mismatch. S1, S2, and H are explained
at the end of sub-section 2.3.3. p and ¢ are the number of pixels in the image and

model, respectively.



2.3.4 Determining Thresholds

After the Hausdorff distance is computed, we must use a threshold value to determine
whether or not that distance indicates a match. Fixing the threshold value, say T,
heuristically is impractical because T may be appropriate to identify a match between
a certain Chinese model A and a character B, but not between a Korean model C
and a character D even tough C and D are alike, for example. For us to compute
accurate threshold values, we interactively validated the matches found by the system,
accumulated the Hausdorff distances resulting from correct matches and used these
distances to statistically generate one threshold value for each of our models. We
collected a total of 391 distances to determine thresholds for the Chinese models, 896
for the Japanese models, and 1081 for the Korean models. At the end, we determine
the thresholds such that the probability that the Hausdorff distance d is less than or
equal to the threshold value T is greater than or equal to X% as follows:

P(d<T)> X%.

2.3.5 Distance Transformation

Consider a digital binary image, consisting of feature (black) and non-feature (white)
pixels. A distance transformation converts a binary digital image into an image where
all non-feature pixels have a value corresponding to the distance to the nearest feature
pixel. An original binary image, to which the distance transformation (DT) is to be
applied, consists of feature pixels with the initial value zero, and non-feature pixels

with the initial value infinity, i.e., a suitably large number.

Borgefors, in [Bor86)], presented various distance transformations and their use in
different applications. The computation of the DT is either parallel or sequential.
Borgefors suggested the algorithm published in [Dan80] for a sequential computation
of the Euclidean distance transformation (EDT) and mentioned that it does not
always give correct results. The author also suggested a parallel EDT algorithm,
published in [Yam84] and used by this work, that always gives correct results. It is
explained below.
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The Euclidean Distance Transformation Algorithm

Given a binary image with two sets of pixels,

S = set of 1’s, the black points;
S’ = set of 0’s, the white points.

A distance transformed image (or distance map) L(S) is an image such that for
each pixel
z=(ij) €5,
there is a corresponding pixel in L(S) where
L(S) = ming¢sd.(z,2Z).

Here, z = (1,j) and 2’ = (i*,j"), 0 < ¢, < M —1,0 < 5,7 < N -1, are points on a
two-dimensional picture and d. is the Fuclidean distance. Specifically, the Euclidean

distance is given as follows:

de(z,2) = /(i — )2 + (§ — j')*-

On a discrete coordinate system such that z is discrete, u, of Figure 20 is used as

a vector to a neighbouring point. Here, u, is a zero vector, so z + u; = z and
Ué(z) = {Z'{"‘llm, lm =0)172,'°'18}
Algorithm: Fuclidean Distance Transformation

e Initial Condition: The initial value of this process at the iteration time £ = 0 is

given by

L°(z)={ (0,0), ifzeS
(2,2), ifz ¢S,

where Z is a positive integer which is large enough.
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Figure 20: Definition of neighbours. The symbols u;,1 =0, 1, 2, ..., 8, are vectors
to the neighbours. u, is a zero vector, and so the neighbour of i = 0 means the point
itself.
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Iteration: For t =1, 2, 3, ..., the propagation is given by
LY(z) = L' Y(z + um) + tm,
where m satisfies the equation,
| LY(Z + um) + tm |= mingevy(a{| LMz + @) + u, [}

If there are multiple u,’s which satisfy the minimum value, the minimum n is

taken as m.

Stop Condition: The stop condition of the iteration is
| L(z) |=| L*"1(2) |, for all z.

Then, the distance transformed picture is

g(z) =| L7 (2) |= /(LT (2))* + (L] (2))?,

where T is the final value of t.

When k = 8, that is U, = { w, w1, ua,. .., us}, it is called the propagation with

8-neighbours.

2.3.6 Templates Used in the Search

The essence of our model-based approach is to locate instances of certain templates,

or models, in an input document. These templates are a subset of the most frequently
appearing characters in each language [SMR98]. The seven mostly used characters in

each of the three Asian languages were sufficient to locate enough matches to identify a

new document since the seven most frequently appearing Chinese, the seven Japanese,

and the seven Korean characters alone constitute approximately 14.98%, 16.92%, and
20.00%, [SMR9S§], of a Chinese, Japanese, and Korean text, respectively. However,
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Figure 21: The Chinese, Japanese, and Korean templates.

the system can be made to look for any number of models as estimated necessary.

Our models are normalized to 30x30 pixels. Figure 21 shows the Chinese, Japanese

and Korean models looked for in the input document. In that figure, the Chinese

models belong to the Song font, the Japanese belong to the Mincho font, and the

Korean belong to the New Myung Jo fonts. These are the fonts used to print the

majority of documents. The reason the models are split into two sets, SET1 and
SET?2 will be explained in section 2.4.
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2.3.7 Handling Multiple Fonts

The documents printed in fonts markedly different from the ones used in training
present a problem for systems based on template matching techniques because the
templates on which the system is trained do not match with the characters in the input
document obviously due to remarkable shape difference. To handle variations in fonts,
we trained our system on a total of 5 commonly used fonts for Chinese, Japanese,

and Korean other than the ones used for the majority of documents, namely Song,

Mincho, and New Myung Jo.

The various fonts on which the system is trained are the following (the figures

enclosed in brackets show sample documents of each font):

e 2 Chinese: Kai (Figure 22), and Black (Figure 23),
e 1 Japanese: Gothic (Figure 24), and
e 2 Korean: Gyun Myung Jo (Figure 25), and Graphic (Figure 26).

To handle font variations, our system not only looks for the basic models depicted
in Figure 21 but also looks for the same models in different fonts in case it could
not locate instances of the basic templates. The performance of the system tested
on documents printed in different fonts will be presented in chapter 3 covering the
results achieved. Figure 27 shows the Chinese models on which the system is trained
but in the Kai and Black fonts. Figure 28 shows the Japanese models in Gothic font
and Figure 29 depicts the Korean models in Gyun Myung Jo and Graphic fonts.

2.4 The Method

The essence of our identification approach is to locate instances of some frequent char-
acter models in the input documents. As noted in Figure 21, two sets of models are
looked for in the image, SET1 and SET2. The purpose of having 2 sets of templates

makes the method more robust since the system is made to look for another set of
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Figure 22: A sample Chinese document printed in Kai font.




BiksE Tt  BRBHER—G X ]| EMABEXF
EEERatBEEROHSNERZ L - hREQEMRTS
HER 2RFBASIAERR - ERE7R—RIZE
B AR ELEE  HREERE  SEFERELLS
- KRR —RBWHAM -

¥ ERBrRE—LE S TEHRE—F R A BBGIE
ERM - AAKFRR(ENBEFRIZE | ) EREIN
RERREVA  HELSFERNBRERMR FEEMRZ
£

Figure 23: A sample Chinese document printed in Black font.
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Figure 24: A sample Japanese document printed in Gothic font.
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Figure 25: A sample Korean document printed in Gyun Myung Jo font.
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Figure 26: A sample Korean document printed in Graphic font.
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Figure 27: The Chinese models in Kai and Black fonts.
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Figure 28: The Japanese models in Gothic font.
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Figure 29: The Korean models in Gyun Myung Jo and Graphic fonts.
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templates in case the first one did not generate any matches, instead of prematurely
rejecting the document since no matches were found at all. The number of character
models in each is flexible and depends on the classification problem. In our case,
experiments have shown that a total of seven models in both sets was enough to reli-
ably identify documents. Increasing the number of templates in each of the two sets
undoubtedly increases the identification rate of the system because it will definitely
find enough matches but on the account of a longer processing time. The method can
also be extended to allow the system to keep searching for small sets of frequently
appearing models until it finds enough information to identify the input document.
Our system goes through 2 iterations: the models in SET1 are looked for in the first
iteration and only when no instances of the templates in SET1 were located in the
document that the models in SET2 are searched for in a second iteration. The sys-
tem rejects the document if could not find a sufficient number of matches upon the

completion of the second search iteration.

Our method of identification has the following steps:

1. Manually extract a block of text from a new document image because Oriental

documents are complex in structure and very large in size.

o

Deskew, detect the text orientation, and segment the extracted block of text
to character cells. For the deskewing algorithm to work properly, the extracted
block of text should consist of enough lines or columns with sufficient characters

on each.

| Start of the first iteration. SET1 is used in the search. |

3. Match each character in the block to the Korean templates printed in the com-
monly used New Myung Jo font, found in Figure 21.

The document is identified as Korean if at least 3 Korean matches were found.

If no or fewer than 3 matches were located, step 4 is executed.
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Match each character in the block of text to the same Korean templates but
presented to the system in a different font, namely the Gyun Myung Jo font,
which is used more frequently than the Graphic font. The Korean templates in
Gyun Myung Jo and Graphic fonts are depicted in Figure 29.

The document is identified as Korean if at least 3 Korean matches were found.

If no or fewer than 3 matches were located, step 5 is carried out.

Match each character in the block of text to the Graphic Korean models.

The document is identified as Korean if at least 3 Korean matches were found.
If no or fewer than 3 matches were located, step 6 is executed.

Match each character in the block of text to the Japanese templates in the
commonly used Mincho font, found in Figure 21.

The document is identified as Japanese if at least 3 Japanese matches were

found.

If no or fewer than 3 matches were located, step 7 is executed.

Match each character again to the Japanese Gothic templates, found in Figure
28.

The document is identified as Japanese if at least 3 Japanese matches were

found.

If no or fewer than 3 matches were located, step 8 is executed.

Match each character in the block of text to the Chinese templates in the
commonly used Song font, found in Figure 21.

The document is identified as Chinese if at least 3 Chinese matches were found.
If no or fewer than 3 matches were located, step 9 is carried out.

Match each character again to the Chinese Kai templates, found in Figure 27.

The document is identified as Chinese if at least 3 Chinese matches were found.

If no or fewer than 3 matches were located, step 10 is executed.
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10. Match each character again to the Chinese Black models, found in Figure 27.

The document is identified as Chinese if at least 3 Chinese matches were found.

If no or fewer than 3 matches were located, step 11 is performed.

[Start of the second iteration. SET?2 is used in the search. |

11. Steps 3 through 10 are repeated on the same document but with the second set
of models, SET2, rather than SET1.

12. Upon the completion of step 10, if no or fewer than 3 Chinese matches were

located, the document is rejected and the system terminates its operations.

In addition to showing the results of the above method, Chapter 3 will illustrate
the results when 5 then 7 matches (instead of 3) are used for classification. Further-
more, it will pictorially present the classification and error rates of short, medium,
and long passages as 3, 5, or 7 matches are used. Note that by 3, 5, or 7 matches, we
do not mean 3, 5, or 7 templates matched with a character from the input document
but the minimum number of matches that needs to be located by the system for the

document at hand to be classified.

2.5 Some Special Models

Some of the most frequently appearing Korean and Chinese character templates used
in the search are made up of 2 or more components, split horizontally or vertically by
the segmentation algorithm, rather than one single entity; this is not the case with the
Japanese models as can be noticed in Figures 21 and 28. Parts (a) and (b) of Figure
30 depict Korean characters split vertically or horizontally, respectively, whereas part
(c) of the same figure shows one Chinese character split vertically. These models are
always split regardless of the font in which they are printed. Such character models
do not generate any matches because as a result of the segmentation method, if the
document is horizontal, characters whose components are vertically-split are divided

into their constituent parts and thus will be considered as two or more characters
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Figure 30: Some Korean and Chinese models always split regardless of the fonts in
which they are printed. Each character is displayed in its 3 corresponding fonts.

rather than one. This is due to the horizontal projection that we use to divide a line
into characters based on the white gap found in between the characters of the same
line. It is the same for vertical documents with horizontally-split character models.
This is also due to the vertical projection used to divide a column into its constituent
characters. To solve that problem, our method looks for the individual parts of the

character successively. If all the character’s components are located one right after

Furthermore, we have to deal with other models used in the search that are nor-
mally connected in regular fonts but split in certain special fonts, and vice versa.

Part (a) of Figure 31 shows 2 Korean models that are normally connected but




will be considered as 2 separate characters due to segmentation in case the input
document was a Korean printed in the Graphic font. Our method handles such a
situation by looking for the connected models when the New Myung Jo and Gyun
Myung Jo Korean model sets are used in the search and by looking for the constituent
parts of the disconnected character model successively in the document image when
the Graphic model set is used. The first Chinese character model of part (b) of
Figure 31 is connected only in the Black font. In case the document to be classified
is printed either in the Song or the Kai font, that character will be split into 2 by
the segmentation algorithm. Its 2 individual components will be located successively
as the Song and the Kai fonts are used for the search and it will be looked for as an
entire character only when the Black model set is used. On the contrary, the second
Chinese model in part (b) of Figure 31 is split only in the Black font. It will be
searched for as a connected entity only when the system is using the Black model set

in the search.
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Figure 31: Some Korean and Chinese models that are split in a certain font but
connected in another.




Chapter 3
Experimental Results

This chapter illustrates the results achieved when the system is tested on Mr. Hamanaka’s
and Ms. Ding’s datasets at CENPARMI. Both datasets consist of a total of 839 doc-

uments.

3.1 Hamanaka’s Dataset

The documents in this dataset were scanned at 400 dpi (dots per inch). They were

collected by Hamanaka from books, magazines, newspapers, etc.

This dataset is pretty comprehensive; it provides the following:

vertically and horizontally printed Chinese, Japanese, and Korean documents,

e documents in traditional and in simplified Chinese, most of them printed in

Song font while others in special fonts like Kai, Black and a few others in Xin
Yuan and Big Biao Song fonts,

e documents in the Mincho font and a few others in Gothic and Futo Gothic, and

e documents in plain Korean, i.e., containing no Chinese characters as well as
others mixed with some Chinese characters. Documents in various fonts are

also found, namely in Gyun Myung Jo and Graphic fonts.
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New Myung Jo | Gyun Myung Jo | Graphic | Mixture!
Number of Docs 61 2 12 3

Table 1: The composition of the plain Korean set.

New Myung Jo
Number of Korean Docs 30

Table 2: The number of Korean documents containing Chinese characters.

Table 1 shows the distribution of plain Korean documents in New Myung Jo,
Gyun Myung Jo, Graphic fonts as well as the documents containing characters in
New Myung Jo and Graphic fonts. Table 2 illustrates that no special fonts exist
in the Korean set in which some Chinese characters are contained in the Korean
documents. Table 3 depicts the composition of the Japanese set which consists of
documents in Mincho, Gothic and only one in Futo Gothic. The number of tradi-
tional and simplified Chinese documents in Song, Kai, Black, Xin Yuan, Big Biao

Song, and a mixture of Song and Kai are found in Table 4.

In Hamanaka’s database, there are 108 Korean, 95 Japanese, and 188 Chinese, a
total of 391 documents.

!These documents contain a mixture of characters in New Myung Jo and Graphic fonts.
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Number of Docs

89

1

Table 3: The composition of the Japanese set.

Song | Kai | Black | Xin Yuan Big Biao Song | Mixture? |
No. Traditional Chinese Docs | 62 7 4 8 2 0 {
No. Simplified Chinese Docs 75 | 18 1 5 0 6 |

Table 4: The composition of the traditional and simplified Chinese sets.

*These documents contain a mixture of characters in Song and Kai fonts.

36



3.2 Ding’s Dataset

The documents in this dataset were scanned at 1200 dpi (dots per inch). Unlike
Hamanaka’s database which consists of many documents in a multitude of fonts,
Ding’s database is composed of documents in the most commonly used fonts in all
three languages but only two special Chinese Kai and Xin Yuan fonts. Table 5 illus-
trates the composition of Ding’s dataset. In Ding’s database, there are 190 Chinese,

94 Japanese, and 164 Korean documents.

3.3 Experimental Results

In this section, we start by showing the performance of the system when tested on
Korean, Japanese, and Chinese documents printed in the commonly used font from
Hamanaka’s database. Furthermore, to show the individual influence of each font
on the performance of the system, we gradually illustrate the results achieved as
documents written in fonts known to the system are introduced to the testing set.
Then, we display the behaviour of the system as documents in new fonts, i.e., of which
the system does not have models, are added to the testing set. Last, we present the
overall results when the complete Hamanaka database is used for testing. We will

follow the same path to illustrate the results achieved on Ding’s database, presented

in sub-section 3.3.3.

Number of Docs
Korean 164
Japanese 94
Chinese (Song) 168
Chinese (Kai) 21
Chinese (Xin Yuan) 1
Total 448

Table 5: The composition of Ding’s dataset.
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3.3.1 Notations Used in Tables

Throughout all the tables in this chapter, except those that illustrate Ding’s results
(i.e., Tables 27, 28, 29, and 30), the following notations are used:

e TOT: the total number of documents used in the testing phase.

e REJ: the number of unclassified and thus rejected documents because no matches

were located.

° @REJ : the number of unclassified and thus rejected documents because the
text @rientation of the document was undetected.

e CLA: the number of correctly classified documents.

e ERR: the number of misclassified documents.

e CLA%: the classification rate.

¢ ERR%: the error rate.

e REJ%: the rejection rate.

e OREJ%: the rejection rate due to text orientation undetection.

e RLBTY%: the reliability of the system. This is the classification rate of the

system including misclassified documents but ezcluding the rejected ones.
e OVRL: short for overall.
e CHI: short for Chinese.
e JAP: short for Japanese.

o KOR: short for Korean.



TOT | REJ | OREJ | CLA | ERR
OVRL | 317 | 10 1 305 1
CHI 137 6 1 129 1
JAP 89 2 0 87 0
KOR 91 2 0 89 0

CLA% | ERR% | REJ% | OREJ% | RLBTY%
OVRL | 96.21 0.32 3.15 0.32 99.67
CHI 94.16 0.73 4.38 0.73 99.24
JAP 97.75 0.00 2.25 0.00 100.00
KOR 97.80 0.00 2.20 0.00 100.00

Table 6: The performance of the system on documents printed in regular fonts.

3.3.2 Results Achieved on Hamanaka’s Database

As depicted in Tables 1 and 2, there are 91 (61 + 30) Korean documents printed
in the regular New Myung Jo font. Table 3 shows that 89 Japanese documents are
printed in the commonly used font, namely the Mincho font, and from Table 4, we
notice that there are 187 (62 + 75) Chinese documents printed in the Song font.
Table 6 illustrates the performance of the system when tested on the 317 (91 + 89 +

137) documents mentioned above.

It can be noticed that, of all 317 documents, the text orientation of only one hor-
izontal Chinese document could not be detected by the system simply because the

number of white pixels in its vertical projection and its horizontal one were the same,
horizontal Chinese document was misclassified as Japanese. No Japanese or Korean

documents were misclassified. However, 2 Japanese and 2 Korean ones were rejected

by the system.
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TOT | REJ | OREJ | CLA | ERR

OVRL| 319 | 10 1 307 | 1

CHI | 137 | 6 1 129 | 1

JAP | 89 | 2 0 87 | 0

HKOR 91 | 2 0 91 | 0
CLA% [ ERR% | REJ% | OREJ% | RLBTY%
OVRL | 9624 | 0.31 | 3.13 | 0.31 99.68
CHI | 9416 | 0.73 | 438 | 0.73 99.24
JAP | 97.75 | 0.00 | 225 | 0.00 100.00
KOR | 97.85 | 0.00 | 2.15 | 0.00 | 100.00

Table 7: The performance of the system when 2 Korean documents in Gyun Myung
Jo font are added to the testing set.

The System’s Performance on the Korean Dataset

Table 7 illustrates the results as 2 documents printed in the Gyun Myung Jo font are
added to the testing set, resulting in 93 (91 + 2) Korean documents. The 2 added

documents were correctly classified and the same 2 Korean documents shown in Table

6 were still rejected.

Table 8 shows the results of adding 12 Korean documents printed in the Graphic
font. Please note that the 2 documents in Gyun Myung Jo font added earlier are now
removed so that we measure the influence of each font on the system. Hereafter, as
documents in a new special font are added, the ones corresponding to the font added
previously will be removed from the testing set. Table 8 shows that, in addition to
the 2 rejected Korean documents printed in regular font (please refer to Table 6), 6
out of the 12 new documents in Graphic font were rejected because the system found

only 1 or 2 Korean matches in them, 3 were misclassified as Chinese, which leaves

out 3 correctly classified ones.
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TOT | REJ [ OREJ [ CLA | ERR |
OVRL | 329 | 16 1 | 308 | 4
[CHT | 137 | 6 1 | 129 | 1
JAP | 89 | 2 0 87 | 0
[KOR | 103 | 8 0 92 | 3 |

CLA% | ERR% | REJ% | OREJ% | RLBTY%
OVRL | 93.62 1.22 4.86 0.30 98.72
CHI 94.16 0.73 4.38 0.73 99.24
JAP 97.75 0.00 2.25 0.00 100.00
KOR | 89.32 | 2.91 | 7.77 0.00 96.84

Table 8: The performance of the system when 12 Korean documents in Graphic font
are added to the testing set. The 2 documents in Gyun Myung Jo are now removed
from the set.

Table 9 depicts the results of the system when 3 documents whose contents are
mixed with New Myung Jo and Graphic fonts. This results in 94 (91 + 3) Korean
documents to be presented for classification. All 3 documents were correctly classified

as Korean.

The System’s Performance on the Japanese Dataset

As shown in Table 3, there are 89 Japanese documents printed in the regular Mincho
font. The performance of the system on those 89 documents is depicted in Table 6.
Currently, 5 Japanese documents in the Gothic font will be introduced to the testing
set, resulting in 94 (89 + 5) documents to be identified. The results are depicted in
Table 10 where it is shown that of the 5 Gothic documents, only one was rejected

because the system found only one Japanese character in it. The other 2 rejected
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TOT | REJ | OREJ | CLA | ERR
OVRL | 320 10 1 308 1
CHI 137 6 1 129 1
JAP 89 2 0 87 0
KOR | 94 2 0 92 0

CLA% | ERR% | REJ% | OREJ% | RLBTY%
OVRL | 96.25 0.31 3.12 0.31 99.68
CHI 94.16 0.73 4.38 0.73 99.24
JAP 97.75 0.00 2.25 0.00 100.00
KOR | 97.87 | 2.13 0.00 0.00 100.00

Table 9: The performance of the system when 3 Korean documents in mixed New
Myung Jo and Graphic fonts are added to the testing set. The 12 documents in
Graphic font are now removed from the set.

documents are in regular fonts as can be noticed from Table 6.

We will next add to the testing set one Japanese document whose font, called
Futo Gothic, is not one on which the system was trained. Table 11 illustrates that
this single document got rejected because no matches could be produced in it due to
its thick characters. That document is depicted in Figure 32 which shows that this
font differs significantly from the Mincho and the Gothic fonts on which the system

was trained.
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| TOT | REJ | OREJ | CLA | ERR
OVRL | 322 11 1 309 1
CHI 137 6 1 129 1
JAP 94 3 0 91 0
KOR 91 2 0 89 0

CLA% | ERR% | REJ% | OREJ% | RLBTY%
OVRL | 95.96 0.31 3.42 0.31 99.68
CHI 94.16 0.73 4.38 0.73 99.24
JAP | 96.81 | 0.00 | 3.19 0.00 100.00
KOR 97.80 0.00 0.00 2.20 100.00

Table 10: The performance of the system when 5 Japanese documents in Gothic font
are introduced to the testing set. The number of Korean documents is back to 91.

TOT | REJ | OREJ | CLA | ERR
OVRL | 318 11 1 305 1
CHI 137 6 1 129 1
JAP 90 3 0 87 0
KOR 91 2 0 89 0

CLA% | ERR% | REJ% | OREJ% | RLBTY%
OVRL | 95.91 0.31 3.46 0.31 99.67
CHI 94.16 0.73 4.38 0.73 99.24
JAP | 96.67 | 0.00 | 3.33 0.00 100.00
KOR 97.80 0.00 0.00 2.20 100.00

Table 11: The performance of the system when 1 Japanese document in Futo Gothic
font is introduced to the testing set. The 5 Gothic fonts are now removed from the
testing set.
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TOT | REJ | OREJ | CLA | ERR
OVRL | 322 | 10 1 310 1
CHI 142 6 1 134 1
JAP 89 2 0 87 0
KOR 91 2 0 89 0

CLA% | ERR% | REJ% | OREJ% | RLBTY%
OVRL | 96.27 0.31 3.11 0.31 99.68
CHI |94.37 | 0.70 | 4.23 0.70 99.26
JAP 97.75 0.00 2.25 0.00 100.00
KOR | 97.80 0.00 0.00 2.20 100.00

Table 12: The performance of the system when 5 Chinese documents in Black font are
introduced to the testing set. The Japanese fonts are now removed from the testing
set.

The System’s Performance on the Chinese Dataset

Here, let us recall that the system’s performance on the 137 Chinese documents in
regular font illustrated in Table 6. After augmenting the testing set by 5 Chinese
documents printed in the Black font, the system performed as demonstrated by Ta-
ble 12. All 5 Black Chinese documents were correctly classified and the 6 rejected
documents are the same ones printed in regular font shown previously in Table 6.

The other rejected document is the one whose text orientation could not be detected.

After removing the Chinese documents in Black font, we add to the testing set 25
documents in Kai font. The results are given by Table 13. Of the 25 Kai documents,
only one was rejected because the system found only one Chinese match. No Kai

documents were misclassified.

As far as the 6 documents that contain a mixture of characters in Song and Kai
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Figure 32: A sample Japanese document printed in Futo Gothic font on which the
system was not trained.



TOT | REJ | OREJ | CLA | ERR
OVRL | 342 | 11 1 [ 329 1 |
CHI | 162 | 7 1 | 153 | 1
JAP | 89 | 2 0 87 | 0
"KOR 91 | 2 0 8 | 0

CLA% | ERR% { REJ% | OREJ% | RLBTY%
OVRL | 96.20 0.29 3.22 0.29 99.70
CHI | 94.44 | 0.62 | 4.32 0.62 99.35
JAP 97.75 0.00 2.25 0.00 100.00
KOR 97.80 0.00 0.00 2.20 100.00

Table 13: The performance of the system when 25 Chinese documents in Kai font are
introduced to the testing set.

are concerned, the system classified all of them correctly. The results of the mixed

documents are presented in Table 14.

The Korean Gyun Myung Jo and Graphic, the Japanese Gothic, the Chinese Kai
and Black are all fonts on which the system has been trained. Table 11 shows that
the Japanese document in the new Futo Gothic font was rejected. This is because
the font differs considerably from Japanese ones known to the system (Futo Gothic
is a bold font with very wide strokes). It is simply a font on which the system was
not trained. In this database, there are no Korean documents printed in new fonts.
However, there are 18 Chinese documents in Xin Yuan font and only 2 others in
Biao Song font. Figures 33 and 34 show a Chinese document in Xin Yuan and Biao
Song, respectively. Tables 15 and 16 illustrate the behaviour of the system when
documents in Xin Yuan and Biao Song are fed to it. For the 13 Xin Yuan documents,
only one got rejected because the system found only one match in it. The other 12

were correctly classified since the font is not too different from the other Chinese ones.
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TOT [REJ [ OREJ [ CLA [ERR |
OVRL | 323 | 10 1 311 | 1
CHI 143 6 1 135 1
JAP 89 | 2 0 87 | 0
KOR | 91 | 2 0 89 0 |

CLA% | ERR% | REJ% | OREJ% | RLBTY%
OVRL | 96.28 0.31 3.10 0.31 99.68
CHI | 94.41 | 0.70 | 4.20 0.70 99.27
JAP 97.75 0.00 2.25 0.00 100.00
KOR | 97.80 0.00 0.00 2.20 100.00

Table 14: The performance of the system when 6 Chinese documents containing a
mixture of Song and Kai fonts are added to the testing set.

The overall system’s performance

Table 17 presents the behaviour of the system as it processes all 391 documents in
Hamanaka’s database.

Table 18 sheds some light on the effect of introducing commonly used as well as
new fonts to the performance of the system in terms of number of documents while

Table 19 shows the rates in percentage before and after the same fonts as well.

The confusion matrix resulting from Hamanaka’s database is depicted in Table
20.
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TOT | REJ | OREJ | CLA | ERR
OVRL | 330 11 1 317 1
CHI 150 7 1 141 1
JAP 89 2 0 87 0
KOR 91 2 0 89 0

CLA% | ERR% | REJ% | OREJ% | RLBTY% ||
OVRL | 96.06 0.30 3.33 0.30 99.69
CHI | 94.00 | 0.67 | 4.67 0.67 99.30
JAP 97.75 0.00 2.25 0.00 100.00
KOR 97.80 0.00 0.00 2.20 100.00

Table 15: The performance of the system when 13 Chinese documents in a new font
called Xin Yuan are added to the testing set.

TOT | REJ | OREJ | CLA | ERR
OVRL | 319 11 1 306 1
CHI 139 7 1 130 1
JAP 89 2 0 87 0
KOR 91 2 0 89 0

CLA% | ERR% | REJ% | OREJ% | RLBTY%
OVRL | 95.92 0.31 3.45 0.31 99.68
CHI |93.53 | 0.72 | 5.04 0.72 99.24
JAP 97.75 0.00 2.25 0.00 100.00
KOR 97.80 0.00 0.00 2.20 100.00

Table 16: The performance of the system when 2 Chinese documents in a new font
called Biao Song are added to the testing set.
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Figure 33: A sample Chinese document printed in Xin Yuan font on which the
was not trained. 69
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Figure 34: A sample Chinese document printed in Biao Song font on which the system
was not trained.
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TOT | REJ | OREJ | CLA | ERR
OVRL | 391 | 21 1 365 4
CHI 188 9 1 177 1
JAP 95 4 0 91 0
KOR | 108 8 0 97 3

CLA% [ ERR% | REJ% | OREJ% | RLBTY%
OVRL | 93.35 | 1.02 | 5.37 0.26 98.92
CHI 94.15 | 053 | 4.79 0.53 99.44
JAP 95.79 | 0.00 | 4.21 0.00 100.00
KOR | 89.81 | 2.78 741 0.00 97.00

Table 17: The performance of the system on all documents from Hamanaka’s
database.

I [ [ TOTREJJOREJ [ CLA [ERR |

OVRL | Before Fonts | 317 | 10 1 305 1
| After FEts 391 21 1 365 4

CHI | Before Fonts | 137 | 6 1 129 | 1
After Fonts i88 9 1 177 1

JAP | Before Fonts | 89 2 0 87 0
1l After Fonts E 4 0 91 0
KOR | Before Fonts | 91 2 0 89 0
After Fonts 108 8 0 97 3

Table 18: The performance (in terms of number of documents) of the system before
and after documents in special fonts were introduced to the testing set.



I [ [CLA% | ERR% | REJ% | OREJ% | RLBTY% |

OVRL | Before Fonts | 96.21 0.32 3.15 0.32 99.67
After Fonts | 93.35 1.02 5.37 0.26 98.92
CHI Before Fonts | 94.16 0.73 4.38 0.73 99.24 |

After Fonts | 94.15 0.53 4.79 0.53 99.44

e

JAP Before Fonts | 97.75 0.00 2.25 0.00 100.00

After Fonts | 95.79 | 0.00 | 4.21 0.00 100.00
KOR | Before Fonts | 97.80 | 0.00 | 2.20 0.00 | 100.00
After Fonts | 89.81 | 2.78 | 7.41 0.00 97.00

Table 19: The rates achieved by the system before and after documents in special
fonts are introduced to the testing set.

CHI | JAP | KOR | REJ
CHI 0 1 0 9
JAP 0 0 0 4
KOR| 3 0 0 8

Table 20: The confusion matrix resulting from Hamanaka’s database.
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3.3.3 Results Achieved on Ding’s Database

In this sub-section, we will follow the same path as in sub-section 3.3.2 in the sense
that we will show the performance of the system first on the documents printed in the
regular fonts and then gradually introduce the other fonts on which the system was
trained, and terminate by demonstrating the behaviour of the system as documents

in new fonts, on which it has not been trained, are added to the testing set.

As depicted in Table 5, there are 164 Korean documents printed in the regular
New Myung Jo font, 94 Japanese documents are printed in the commonly used font,
namely the Mincho font, and 168 Chinese documents printed in the Song font. Table
21 illustrates the performance of the system when tested on the 426 (164 + 94 + 168)
documents printed in the most commonly used fonts. One Chinese document was
rejected because it found 2 Japanese matches in it. In such a case, the system rejects,
does not misclassify as Japanese, the input document because of only 2 Japanese
matches, which is estimated by our method not to be enough for proper classifica-
tion. The 4 Korean documents were rejected because just 1 or 2 Korean matches

were found in them.

The System’s Performance on the Chinese Dataset

In Ding’s database, only Chinese has documents printed in special fonts, namely, Kai
and Xin Yuan. All 94 Japanese and 164 Korean documents are printed in commonly

used fonts.

TABLE 22 shows the performance of the system as 21 documents in Kai font are
added to the testing set, resulting in 189 (168 + 21) Korean documents. Of the 21
introduced Kai documents, 3 were rejected because only 1 or 2 Chinese matches were

found by the system.

Unfortunately, given Ding’s database, we cannot test the effect of introducing new
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TOT | REJ | OREJ | CLA | ERR

OVRL | 426 5 0 421 0

CHI 168 1 0 167 0

JAP 94 0 0 94 0

KOR 164 4 0 160 0

CLA% | ERR% | REJ% | OREJ% | RLBTY%

OVRL | 98.83 0.00 1.17 0.00 100.00
CHI 99.40 0.00 0.60 0.00 100.00
JAP 100.00 | 0.00 0.00 0.00 100.00
KOR | 97.56 0.00 2.44 0.00 100.00

Table 21: The performance of the system on documents from Ding’s database printed
in commonly used fonts.

TOT | REJ | OREJ | CLA | ERR
OVRL | 47 8 0 439 0
CHI 189 4 0 185 0
JAP 94 0 0 94 0
KOR 164 4 0 160 0
CLA% | ERR% | REJ% | OREJ% | RLBTY%
OVRL | 98.21 0.00 1.79 0.00 100.00
CHI | 97.88 | 0.00 2.12 0.00 100.00
JAP 100.00 | 0.00 0.00 0.00 100.00
KOR | 97.56 0.00 2.44 0.00 100.00

Table 22: The performance of the system as 21 Chinese documents in Kai font from
Ding’s database are introduced to the testing set.



TOT | REJ | OREJ | CLA | ERR

OVRL | 427 5 0 422 0

CHI 169 1 0 168 0

JAP 94 0 0 94 0

KOR 164 4 0 160 0

CLA% | ERR% | REJ% | OREJ% | RLBTY%

OVRL | 98.23 0.00 1.17 0.00 100.00
CHI | 99.41 | 0.00 | 0.59 0.00 100.00
JAP 100.00 | 0.00 0.00 0.00 100.00
KOR 97.56 0.00 2.44 0.00 100.00

Table 23: The performance of the system as 1 Chinese document (from Ding’s
database) in Xin Yuan font, on which the system was not trained, are introduced
to the testing set.

fonts, on which the system was not trained, to the same extent as with Hamanaka’s
database since there is one single Chinese document in Xin Yuan font. Adding the

Xin Yuan document to the testing set generates the results in Table 23.

The overall system’s performance

We will now present the behaviour of the system as it processes all 448 documents in

Ding’s database. Table 24 illustrates.

Since, in Ding’s database, documents printed in special fonts can only be found in
Chinese, Tables 25 and 26 illustrate the overall performance of the system as well as
its performance on the Chinese dataset before and after fonts are introduced to the
testing set. No confusion matrix will be displayed for Ding’s set because no documents

were misclassified in any of the three languages.
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TOT | REJ | OREJ | CLA | ERR
OVRL | 448 8 0 440 0
CHI 190 4 0 186 0
JAP 94 0 0 94 0
KOR 164 4 0 160 0

CLA% | ERR% | REJ% | OREJ% | RLBTY%
OVRL | 98.21 0.00 1.79 0.00 100.00
CHI 97.89 0.00 2.11 0.00 100.00
JAP 100.00 | 0.00 0.00 0.00 100.00
KOR 97.56 0.00 2.44 0.00 100.00

Table 24: The performance of the system on all documents from Ding’s dataset.

I | [TOT]REJ[OREJ]CLAIERR. |
OVRL | Before Fonts | 426 5 0 421 0
After Fonts | 448 8 0 440 0
CHI Before Fonts | 168 1 0 167 0
After Fonts | 190 4 0 186 0

Table 25: The performance (in terms of number of documents) of the system before
and after documents in Chinese special fonts were introduced to the testing set from
Ding’s database.



T [ CLA% [ ERR% | REJ% | OREJ% | RLBTY% |
OVRL | Before Fonts | 98.83 | 0.00 1.17 0.00 100.00
After Fonts | 98.21 | 0.00 1.79 0.00 100.00
CHI | Before Fonts | 99.40 | 0.00 0.60 0.00 100.00
After Fonts | 97.89 0.00 2.11 0.00 100.00

Table 26: The rates achieved by the system before and after documents in Chinese
special fonts from Ding’s database are introduced to the testing set.

3.4 Comparison of Methods and Results

Ding’s complete database consists of 190 Chinese, 94 Japanese, and 164 Korean doc-
uments. To train the identification system described in her thesis [Din99], Ms. Ding
used 76 Chinese, {5 Japanese, and 58 Korean documents, leaving 114 Chinese, 49

Japanese, and 106 Korean documents for the testing set.

Note that the notations used in Tables 27, 28, 29, 30, which illustrate Ding’s
results, are according to her thesis work in [Din99]. The notations are intentionally
kept as they are to draw the reader’s attention that these tables illustrate the results
of another work on the same test samples. The tables’ layout is also different from

the ones that illustrate our work for the same reason.

In Ding’s work (previously explained in section 1.3.1), the classification of the test
samples is performed by two methods: by using the ranges of C (complex structure),
K (Korean circles), and V (long vertical strokes) values for the training set, and by
clustering. The K-means clustering algorithm is used to generate cluster centers,
or codebooks of the training data. Ding found that complex structure is important
for separating Japanese texts from Chinese, long vertical strokes for differentiating
Korean from Chinese and Japanese texts, and Korean circles for the separation of
Korean from Chinese and Japanese texts [Din99]. Ding obtained the classification
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Language # Samples Not Processed Recognition (%) Error (%) Rejection (%)

Chinese 114 1 94.69 4.43 0.88
Japanese 49 0 95.92 0.00 4.08
Korean 106 1 93.33 6.67 0.00

Table 27: Ding’s results of Oriental language classification by using C, K, and V
values.

Chinese Japanese Korean Reject
Chinese 107 5 0 1
Japanese 0 47 0 2
Korean 0 7 98 0

Table 28: Ding’s confusion matrix when using C, K, and V values.

results, shown in Table 27, according to C, K, and V values. Table 28 shows the

confusion matrix when using C, K, and V values.

Ding’s classification results after applying the clustering algorithm are depicted
in Table 29, while the confusion matrix from clustering using C, K, and V features is
depicted in Table 30. These are the results that will be used to compare the perfor-

mance of Ding’s system with ours.

When all three features are used for clustering, five Chinese testing samples are
classified as Japanese documents. All but one of them are printed in Chinese Kai
font. As the strokes in this font are smooth and do not touch each other, there are
fewer complex structures in this font, leading to the misclassification of these images
unto Japanese. The misclassification of the other sample is due to poor quality and

the existence of many broken strokes [Din99)}.
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Language # Samples Not Processed Recognition (%) Error (%) Reject (%)

Chinese 114 1 94.69 4.43 0.88
Japanese 49 0 97.96 0.00 2.04
Korean 106 1 97.14 1.91 0.00

Table 29: Ding’s results from clustering using C, K, and V features.

Chinese Japanese Korean Reject
Chinese 107 5 0 1
Japanese 0 48 0 1
Korean 0 2 102 1

Table 30: Ding’s confusion matrix from clustering using C, K, and V features.

The Korean documents misclassified as Japanese are due to problems with the
detection of Korean circles. Most of the Korean circles in these documents cannot
be detected by Ding’s circle extraction method because in one document the ellipses
look more like rectangles than Korean circles while in another document, there are
sharp turns in the inner contour of the circles, which significantly reduce the number

of Korean circles [Din99].

While Ding’s method is statistically-based, our method is based on template
matching. The essence is to look for frequently used templates of each language
in a new document. The method was explained in detail in Chapter 2. To provide a
common ground for the comparison of our results with Ding’s, we have used exactly
the same test samples used by Ms. Ding to test the performance of our system. Table

31 shows the results achieved by our system on the same testing set used by Ding in
[Din99].



TOT | REJ | CLA | ERR

CHI | 114 2 112 0

JAP 0 49 0

KOR | 106 4 102 0

CLA% | ERR% | REJ% | RLBTY%

CHI | 98.25 | 0.00 1.75 100.00
JAP | 100.00 | 0.00 0.00 100.00
KOR | 96.23 0.00 3.77 100.00

Table 31: The performance of our system on the same test samples used by Ding in
[Din99].

Out of the 114 Chinese samples used, 14 samples are printed in Chinese Kai. 2 of
the 14 Kai documents were rejected, the first because only 1 Chinese match was found
in it, and the second because 1 Korean match was located in it. 4 Korean documents
were also rejected. In 3 of them, the system found only 2 Korean matches, while it

found 1 match in the fourth sample. No samples were rejected for Japanese.

3.4.1 Comparison of Results

Table 32 depicts the results of Ding’s system as well as ours for comparison purposes.

We can draw the following conclusions from it:

o For Chinese: our system achieved a classification rate 3.56% higher than Ding’s
system, a 0.00% error rate, 4.43% lower than Ding’s system, and a rejection

rate 0.87% higher than Ding’s system.

e For Japanese: our system achieved a classification rate 2.04% higher than Ding’s
system, a 0.00% error rate, same as Ding’s system, and a rejection rate 2.04%

lower than Ding’s system.
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| | CLA% | ERR% | REJ% ||
CHI | Ding’s System | 94.69 4.43 0.88
Our system 98.25 0.00 1.75
JAP [ Ding’s System | 97.96 0.00 2.04
Our system | 100.00 | 0.00 0.00
KOR | Ding’s System | 97.14 1.91 0.00
Qur system 96.23 0.00 3.77

Table 32: The classification, error, and rejection rates achieved by Ding’s system and
by ours on the same test samples.

e For Korean: our system achieved a classification rate 0.91% lower than Ding’s
system, a 0.00% error rate, 1.91% lower than Ding’s system, and a rejection

rate 3.77% higher than Ding’s system.

The merit of our system is that it reported a 0.00% error rate for all three lan-
guages, which makes the system 100% reliable. Another merit is that our system
processes horizontal and vertical documents, as compared to Ding’s system which

processes horizontal documents only.

3.5 More Results

The purpose of this section is to show the overall results of using 3 or 7 matches to
classify a document in comparison with 3 matches. It also intends to present the
length in terms of number of characters in the documents and then the classification
and error rates of short, medium, and long passages as 3, 5, or 7 matches are used
for classification. As a reminder, 3, 5, or 7 does not refer to the number of templates
used in the search but to the minimum number of matches that needs to be located

by the system for the new document to be classified.
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|| Dataset | 0-125 | 126-250 | 251-500 | 501-
CHI Ding | 3 33 147 7
Hamanaka 4 59 119 6

JAP Ding 18 27 14 35
Hamanaka | 2 13 . 74 6

KOR Ding 2 6 29 127
Hamanaka 0 31 74 3

Table 33: The number of documents in Ding’s and Hamanaka’s datasets in each of
the 4 categories.

We divided Ding’s and Hamanaka’s datasets into the following 4 categories, de-

pending on the number of characters found in the documents:

e Category 1: between 0 and 125 characters
e Category 2: between 126 and 250 characters
e Category 3: between 251 and 500 characters

e Category 4: 501 characters and more

Figures 35 and 36 depict the overall classification rates of the system as 3, 3,
or 7 matches are used for the classification of Chinese, Japanese, and Korean on
Hamanaka’s and Ding’s datasets, respectively. It can be noticed from both Figures
that the classification rates for all 3 languages drop as the number of matches increases
from 3 to 5 and finally to 7, except for Japanese in Figure 36 because 1 document,
which was correctly classified with 3 matches, got rejected with 5 matches and thus
with 7 matches, which is why the classification rates for 5 and 7 matches for Japanese
are the same in Ding’s dataset. The drop of classification rates is expected since the
rejection rates increase as we move in the same direction. On the other hand, some

of those documents that used to be misclassified become rejected by the system as
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the number of matches increases, which will possibly cause the error rates to drop
as well, as illustrated by Figure 37 which shows the overall error rates obtained on
Hamanaka’s dataset. The error rate for Japanese is 0% for 3, 5, and 7 matches. For
Chinese, with 3 matches, there was only 1 misclassified document that was later re-
jected with 5 matches and thus with 7 matches. This justifies the 0% error rate with
5 and 7 matches. No similar graph is available for bing’s dataset since the error rates
for all 3 language are 0%. Figures 38 and 39 illustrate the overall reliability of the
system on Hamanaka’s and Ding’s datatsets, respectively, as 3, 5, and 7 matches are

used for classification.

Let’s now examine the classification and error rates for the documents found in
the 4 categories mentioned previously. Only in the case where error rates are observed

in a certain category that a graph will be presented for illustration purposes.

3.5.1 More Results on Hamanaka’s Dataset
Category 1: between 0 and 125 characters

Figure 40 shows the classification rates of 4 Chinese and 2 Japanese in the first
category of Hamanaka'’s dataset. The classification rate of Japanese dropped to 0%
in this category since the 2 Japanese documents that were correctly classified with 3
matches got rejected by the system with 5 matches and thus with 7 matches and since
there are only 2 Japanese documents in this category, the classification rate would be
0% for 5 as well as for 7 matches. For Chinese, among the 4 available documents, 1
was rejected with 3 matches because its text orientation could not be detected by the
system. The other 3 were properly classified. With 5 matches, 2 other documents got
rejected, and thus only 1 classified and finally, with 7 matches, the document that
was classified with 5 matches got rejected with 7 matches, which causes the Chinese

classification rate to be 0% with 7 matches.
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Figure 35: The overall classification rates of Chinese, Japanese, and Korean in

Hamanaka’s dataset for 3, 5, and 7 matches.
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Figure 36: The overall classification rates of Chinese, Japanese, and Korean docu-
ments in Ding’s dataset with 3, 3, and 7 matches.
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Figure 37: The overall error rates of Chinese, Japanese, and Korean documents in

Hamanaka’s dataset with 3, 5, and 7 matches.
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Figure 38: The overall reliability rates of Chinese, Japanese, and Korean documents

in Hamanaka’s dataset with 3, 5, and 7 matches.
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Figure 39: The overall reliability rates of Chinese, Japanese, and Korean documents
in Ding’s dataset with 3, 3, and 7 matches.
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Figure 40: The classification rates of Chinese and Japanese documents in category 1
of Hamanaka’s dataset with 3, 5, and 7 matches. There are no Korean documents in

this category.
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Category 2: between 126 and 250 characters

Figure 41 shows the classification rates of 59 Chinese, 13 Japanese, and 31 Korean
documents in the second category of Hamanaka’s dataset. We notice a normal de-
crease in the classification rates in all 3 languages. Figure 42 depicts the error rates
of Chinese, Japanese, and Korean. The Chinese and the Japanese error rates with 3,
5, and 7 matches are all 0% since no Chinese and Japanese documents, only Korean,
were misclassified in this category. With 3 matches, 2 Korean documents were mis-
classified, with 5 matches, one of the 2 misclassified got rejected and the other one
still misclassified, and with 7 matches, the document that was misclassified with 5

matches got rejected, which makes the Korean error rate 0% with 7 matches.

Category 3: between 251 and 500 characters

Figure 43 shows the classification rates of 119 Chinese, 74 Japanese, and 74 Korean
documents in the third category of Hamanaka’s dataset. Figure 44 shows the error
rates of Chinese, Japanese, and Korean documents in this category. The Japanese
error rate is 0% since no Japanese documents were misclassified. The Korean error
rate with 3 matches is the same as the one with 5 matches because no additional
documents were misclassified as the number of matches was increased from 3 to 5.
With 7 matches, the Korean error rate dropped to 0% because the Korean document
that was misclassified with 5 matches got rejected with 7 matches, which leaves no
misclassified documents. On the other hand, the Chinese error rates with 5 and 7
matches are both 0% since the only misclassified Chinese document was rejected by
the system with 53 matches and thus with 7 matches causing the Chinese error rates
to be 0% with 53 and 7 matches.

Category 4: 501 characters and more

Figure 45 illustrates the classification rates of 6 Chinese, 6 Japanese, and 3 Korean
documents in the fourth category of Hamanaka’s dataset. The Chinese, Japanese.
and Korean classification rates are all 100% with 3 and 5 matches. The Japanese and

the Korean error rates dropped with 7 matches while Chinese maintained the same
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Figure 41: The classification rates of Chinese, Japanese, and Korean documents in
category 2 of Hamanaka’s dataset with 3, 5, and 7 matches.
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Figure 42: The error rates of Chinese, Japanese, and Korean documents in category
2 of Hamanaka’s dataset with 3, 5, and 7 matches.
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Figure 43: The classification rates of Chinese, Japanese, and Korean documents in
category 3 of Hamanaka’s dataset with 3, 5, and 7 matches.

93




Error Percentage Rate

1.5

1.3

1.1

0.9

0.7

05

0.3

0.1

Chinese

Japanese g—-—- = —-—-~.—.

3 5

Number of Matches

Figure 44: The error rates of Chinese, Japanese, and Korean documents in category

3 of Hamanaka’s dataset with 3, 3, and 7 matches.
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classification rate of 100% in this category.

3.5.2 More Results on Ding’s Dataset

Since the Chinese, Japanese, and Korean error rates obtained on Ding’s dataset are
all 0% for 3, 5, and 7 matches, no graphs representing error rates will be presented

in this sub-section.

Category 1: between 0 and 125 characters

The classification rates of 3 Chinese, 18 Japanese, and 2 Korean documents in the
first category of Ding’s dataset are presented in Figure 46. The Chinese and Japanese
classification rates remained 100% with 5 and 7 matches while the Korean classifi-
cation rate dropped to 0% because the only 2 Korean documents in this category
were correctly classified with 3 matches and later rejected with 5 and thus 7 matches

causing the classification rate to drop to 0% with 5 and 7 matches.

Category 2: between 126 and 250 characters

Figure 47 shows the classification rates of 33 Chinese, 27 Japanese, and 6 Korean
documents in the second category of Ding’s dataset. Here, a normal decrease of the
Chinese classification rates can be noticed. As far as Japanese is concerned, with 3
matches, all documents were correctly classified. With 5 matches, 1 document got
rejected and later with 7 matches, no other documents were rejected, which causes
the classification rates with 5 and 7 matches to be the same. The same applies to

Korean.

Category 3: between 251 and 500 characters

Figure 48 illustrates the classification rates of 147 Chinese, 14 Japanese, and 29
Korean documents in the third category of Ding’s dataset. The Chinese and Korean
classification rates dropped with 3 and 7 matches while Japanese maintained its level
at 100%.
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Figure 45: The classification rates of Chinese, Japanese, and Korean documents in
category 4 of Hamanaka’s dataset with 3, 5, and 7 matches.
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Figure 46: The classification rates of Chinese, Japanese, and Korean documents in
category 1 of Ding’s dataset with 3, 5, and 7 matches.
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Figure 47: The classification rates of Chinese, Japanese, and Korean documents in
category 2 of Ding’s dataset with 3, 5, and 7 matches.
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Figure 48: The classification rates of Chinese, Japanese, and Korean documents in
category 3 of Ding’s dataset with 3, 5, and 7 matches.
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Category 4: 501 characters and more

Figure 49 shows the classification rates of 7 Chinese, 35 Japanese, and 127 Korean
documents in the fourth category of Ding’s dataset. The Chinese and Japanese clas-
sification rates are 100% with 3, 5, and 7 matches. On the other hand, the Korean
rate dropped because the document that was properly classified with 3 matches got
rejected with 5 matches. No other documents were rejected with 7 matches causing

the Korean classification rate to be the same with 5 and 7 matches.
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Figure 49: The classification rates of Chinese, Japanese, and Korean documents in
category 4 of Ding’s dataset with 3, 5, and 7 matches.
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Chapter 4
Conclusion and Future Directions

As more and more documents are available electronically, the automatic identification
of the language used on documents becomes useful and necessary. It also supports a
wide variety of applications ranging from the selection of the appropriate algorithm

for optical character recognition to translation.

In this thesis, we have proposed a system that can process Oriental documents
and classify them into Chinese, Japanese, and Korean. It is quite challenging to teach
computers to identify the script used on Oriental documents because of their com-
plexity and their very large character sets. Even though this area of research is still in
its infancy, a number of papers were published on separating European from Oriental
scripts, a few others on Oriental document classification into Chinese, Japanese, and
Chinese based on statistical features. However, the literature on Oriental language

identification is really scarce when the identification process relies on template match-

ing techniques.

Experiments have shown that our method achieved very good results when tested
on Hamanaka’s database which contains a total of 891 Oriental documents printed
in the most commonly used fonts as well as famous and less regularly fonts. Few
documents printed in different fonts also existed. Horizontally and vertically printed

documents can also be found in this database. The overall classification rate on
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Hamanaka’s dataset is 93.35% with a 98.92% reliability, keeping in mind that the
documents were scanned at 400 dpi. In addition, the method was tested on Ding’s
database which contains 448 documents, scanned at 1200 dpi, horizontally printed
only. The system achieved an overall classification rate of 98.21% with a 100% relia-
bility.

4.1 Major Contributions of the Thesis

4.1.1 Contribution 1: New system to classify Oriental doc-
uments

The major contributions of the thesis are research and creation of a new system
capable of automatically classifying printed Oriental documents electronically stored
in image form. Unlike most identification methods which are statistically based, our
method is template based, which is hard to find in the current literature. The basic
idea was to assemble templates for a set of the most frequently appearing characters
in Chinese, Japanese, and Korean and look for them in new documents. The merit
of the method is that it searches for a subset of the chosen models in one iteration
and in case no matches were generated, the method looks for the remaining models,
obviously the ones that were not used in the first iteration. The method can be easily
extended to look for as many models as needed by the application; the same applies

to the number of iterations which increases the accuracy of the classification process.

4.1.2 Contribution 2: Horizontal and vertical documents
classified

Since Oriental documents can be printed either horizontally or vertically, a general
system should be able to process not only horizontal documents but vertical ones
as well. We have created an algorithm for the detection of the document’s text
orientation. Out of 839 processed documents in both databases, only one Chinese

document’s text orientation could not be detected. The text orientation’s error rate
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is 0.26% on Hamanaka’s set and 0% on Ding’s set.

Language identification is a challenging field of research. In this thesis, we pro-
posed a system for the differentiation between Oriental documents. The method
proved to be effective based on the test results achieved on 8§39 documents containing

a variety of fonts and printing styles.

Our method has the following merits:

o It has been designed to handle documents printed in various fonts, other than
the ones used frequently. It works well on new fonts that do not differ sig-
nificantly from the regular ones, as was the case with Chinese documents in
Xin Yuan font. The method rejects, does not miscalssify, documents if little

information was found in them.

o It works well in the processing of mized documents containing a variety of
fonts. In most publications, researchers have not reported their comments on

this aspect.

o It is based on the averaged Hausdorff distance which is more resilient to noise

than the other modified Hausdorff distances found in the literature.

4.2 Future Work

Future study can proceed in the following directions:

e The algorithm currently handles a total of 5 fonts other than the ones nor-
mally used to print Oriental documents. As there are more fonts available, the
algorithm should be able to identify more than the fonts it currently knows.

e The processing time could be reduced if we try to guess the font prior to the
identification process and try to look for the models corresponding to the font

identified by the system.
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