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Abstract

Automatic Classification of Multi-lingual Documents

Jie Ding

Language classification (LC) refers to the categorization of text documents into dif-
ferent natural language groups, whereas language identification (LI} determines the
language used in a document. LC and LI play important roles in document processing
systems, because they can perform initial classifications to reduce the scope for sub-
sequent stages of processing. Two major parts of the work are: (1) LC of documents
written in 24 languages into two language categories (oriental and European). and
(2) LI of oriental documents into Chinese, Japanese and Korean.

This thesis concentrates on the exploration of statistical features that can con-
tribute to LC/LI, as well as the design and implementation of programs to differenti-
ate between documents printed in various natural languages. A total of six distinctive
features are proposed and used in this study.

For LC. three features are used: horizontal projection profiles, height distributions
of connected components (CC) and enclosing structure of connected components.
Experimental results show that we are able to classify the script of a document as
either European or Asian based on four 50-CCs and obtain a high recognition rate
while maintaining a low rejection rate.

In the LI of oriental documents, the complexity of structure, Korean “circles”
and vertical strokes have been chosen for distinguishing features between the three
language scripts. The identification has been made according to the range of values
in these features, and also by K-means clustering.

When applied to seven hundred documents in the CENPARMTI Lab, the recogni-
tion rates achieved in LC and LI have exceeded 95% and 94%. with error rates that

are below 2% and 4.5%, respectively.
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Chapter 1
Introduction

Language is one of the most important tools for human communication. Today, hun-
dreds of languages exist in the world [Cry94], [Nak80]. Given a document, identifying
the language to which it belongs is both useful and interesting. This topic is referred
to as language identification, or language differentiation in the pattern recognition
area. In the past, language identification was normally done manually because the
amount of documents to be processed was limited. One could often deduce the lan-
guage written in a document from its country of origin. If not. language interpreters
could be employed to examine the document in order to determine its language. Hence
the attention paid to automatic language identification was much less than that of
Optical Character Recognition (OCR).

However, with increasingly more documents stored and manipulated electronically,
manual language identification performed by human beings becomes inadequate. In
order to address this issue, and also to enhance the efficiency of OCR, developing
automatic language identification methods becomes a necessity. For example. early
determination of the language used in a document has implications in the selection
of proper character recognition algorithm which will also greatly facilitate further
processing, such as indexing and translation. This approach is especially useful as
an initial component of systems for processing multilingual documents, for an auto-
matic selection of the appropriate classifier to be used in subsequent processing of the

document.



1.1 Review and Related Work

Compared with optical character recognition, research work and results of language
identification are not abundant. In the area of language identification, several aspects

have been studied:

o Category classification: the hundreds of languages in the world are grouped into
different categories, such as: Roman, Cyrillic. Arabic, oriental, etc. For a given
document, identifying the language category of this document is the major work

of category classification. Recent work includes [Spi94], [LNB96]. etc.

e Language differentiation within a certain language category: which includes
Roman language differentiation [SS94], [NS93]. [NBS97]: oriental language dif-
ferentiation [Spi94]. [LNB96], [SH9S], etc.

o Direct identification: this approach does not perform category classification.
while it identifies each input document as a specific language. Related work
includes [HKTK97].

Existing identification methods are mainly based on two kinds of approaches:

e Statistics(Computation)-based analysis and identification: from a given docu-
ment, extracting various features (such as those related to optical characteris-
tic, stroke density, character complexity, etc.), analysing and processing feature
data, identifying the language based on calculated values of those features. Ex-
amples include: [Spi94], [LNB96]. [SH9S], etc.

o Token matching (also called template matching): it first determines a set of
language specific image tokens for each language. then searches for such tokens
in the input document and finds the best match [HKTK97], [SS94]. [NS93],
[NBS97].

Previously, the first approach was considered to be applicable for gross classification
while the second one was used more frequently for specific classification, owing to the

following reasons:

e Documents of languages in the same language category usually have similar sta-
tistical characteristics and those in different categories possess noticeable differ-

ences. These differences can be revealed by using computation-based analysis
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approach.

e Each language normally has its own language specific tokens. Using these tokens
to identify documents in each of the languages within the same category was

considered to be more feasible.

The first approach has a higher computational complexity, while the second one needs
a large database to extract enough specific tokens and a large memory space to store
these tokens.

More research work has been done in the differentiation of Roman-alphabet lan-
guages and many sources of information have been used: short words [Kul91]; n-grams
of words [Bat92]; n-grams of characters [CT94]; diacritics and special characters
[Bee88], [New8T7]; syllable characteristics [Mus65]; morphology and syntax [Aie91];
and character code shapes [NBS97]. [SS94]. [NS93].

It is only in the past several yvears that researchers have begun to study the
differentiation between oriental languages. and their research has been mainly focused
on the separation of Chinese, Japanese and Korean scripts. In comparison with
Roman language differentiation. fewer methods have been proposed for oriental scripts
because of their complexity and the very large character sets.

In the following sub-sections we will introduce the research work in areas of dif-
ferentiation between Roman and oriental language categories, followed by the differ-
entiation between the three oriental languages. The work described is closely related

to on-going research at the Centre for Pattern Recognition & Machine Intelligence.

1.1.1 Differentiation between Roman and Oriental Languages

In [Spi94], Spitz proposed a system which can classify documents into seven lan-
guages: English, French, German, Russian, Japanese, Chinese and Korean. Accord-
ing to this system, the differentiation between oriental and Roman scripts is based on
the different distributions of the vertical locations of upward concavities in the two
classes of languages. This difference in distribution arises from a basic difference in
structure between these two classes of scripts. According to [Spi94], Roman scripts
are mostly composed of lower-case characters, and therefore these concavities tend
to be accumulated along the baseline and the x-line. On the other hand, oriental

scripts are composed of radicals that can be located at any height within the text



line. resulting in a more random distribution of upward concavities in these scripts.
Experiments performed by Spitz indicates this method works well in identifying the
language category of documents in these seven languages without having to analyze
every image line in the input documents. However, this reliance on the vertical loca-
tions of upward concavities will not work for some other European languages, such
as Bulgarian a Cyrillic script, in which a noticeable portion of upward concavities do
not cluster near the x-line and baseline. In order to be able to identify documents in
those Cyrillic scripts, we need to search for other classification feature(s).

Another important result in this area is [LNB96] in which Lee et al. described
their methods which employ multiple features to separate documents in Chinese and
Japanese from English, French, German, Italian and Spanish. His emphasis is on
the processing of degraded document images, therefore four features were used: (a)
position of concavities, (b) distribution of character height, (c) character bounding-
box top and bottom profile, and (d) Spitz’s optical density feature. This method needs
to analyze all image lines in a document before making a decision on its language
category.

We did not apply the method of [LNB96] because this work was published after we

have completed our work on the differentiation between the two language categories.

1.1.2 Classifying of Chinese, Japanese and Korean Scripts

For the oriental scripts which include Chinese, Japanese and Korean. Spitz [Spi94]
proposed a method using optical density to differentiate the three languages. The
optical density D; of a character cell is defined as the number of ‘on’ pixels of this

cell divided by its area, which can be represented as follows:

Where B; is the number of 'on’ pixels in the i-th cell, W; is the width of the :-th
cell and H is the height of the text line to which the i-th cell belongs. He showed
that the histograms of the distribution of the optical density of these three languages
are different: Chinese has only one significant mode; Korean is distinctly bi-modal,
with the low density mode smaller than the high density mode; while Japanese is also
characterized as bi-modal, but the relative heights of the modes are reversed: the

lower density mode is greater than the high density. A linear discriminant analysis



(LDA) is applied to the histogram to classify the three languages.

We may notice that this optical density of characters is dependent not only on the
language to which the character belongs, but also on the font and printing style. For
example, the optical density of characters in heiti font of Chinese is greater than that
of characters of songti, fangsongti or kaiti fonts. Even the optical density of Katakana,
Hiragana and Korean characters can be larger than that of Chinese characters if they
are printed in dark black bold (such as title, subtitle, etc.) for emphasis. Because
of this, the method of calculating the optical density becomes critical in the above
method. Another factor which may also affect the accuracy is the character cell
segmentor. Determining a correct character cell is not easy because of the existence
of punctuations, the different sizes of Kanji. Japanese Katakana, Hiragana characters.
the left-right, left-middle-right structures of characters and occasionally the touching
of some adjacent characters.

Because of these reasons, Lee et al. [LNB96] modified the optical density definition
as the fraction of the black area multiplied by the average number of vertical runs
per cell (assuming the text line is oriented horizontally). The average number of runs
in a cell is defined as the total number of runs in this cell divided by the width of
the cell. For illustration. Figure 1 shows two cells of width 10 and height 6. both
having the same number of black pixels. The left cell has a single stroke of 3 pixels
thick. and the right cell has 3 strokes. each of 1 pixel thick. The average number of
vertical runs in the left cell is 1 (10/10 = 1), and 3 (30/10 = 3) for the right cell.
This definition considers pure optical density as well as the difference introduced by
font design. The density feature is calculated for all cells in a page as a distribution.
then the linear discriminant is applied to the mean and variance of this distribution.
As this method was only applied to separate Chinese from Japanese, its performance
needs to be further investigated if we also need to differentiate Korean.

As pointed out in [SH98]. this definition of optical density is still influenced by
stroke width, and it uses the average number of runs that cannot be calculated in
each cell. The authors of [SH98] thought the segmentation method of [LNB96] makes
densities insensitive, because adjacent complex and simple characters are mixed into
a cell. As density depends on character segmentation and complexities in oriental
languages change considerably from character to character, it is very crucial to have
an almost successful cell segmentor in order to apply the optical density. As thinned

images are insensitive to stroke width, the authors proposed using contour density to

)



(V) IS S UV I o I

XXXXXXXXXX .
Figure 1: Examples illustrating average number of runs in a cell

obtain a density which is insensitive to stroke width while reducing the processing time
required by thinning. However, this method was only experimented on 6 Chinese, 6

Japanese and 6 Korean sample documents.

1.2 Introduction of Our Work

It is worthwhile to mention that this thesis is dedicated to a research topic rather
than a practical project which can be completed by using mature techniques. The
task of this thesis is to explore an alternative and better method to solve a problem
that is currently still open for study and experiments.

More specifically, this thesis presents an effort to address the language classifica-
tion problem with scanned and stored documents. Our work deals with documents
in three different language categories that involve more than 23 languages.

Two major aspects of this work have been conducted and described in this thesis:

e Language-category classification of documents from European and oriental sources.
The European source is comprised of Roman languages and Cyrillic scripts.
while the oriental source contains three most frequently used languages: Chi-

nese, Japanese and Korean.
e Language identification of documents within the oriental language category.

The results presented in this thesis were mainly obtained from analyzing and pro-
cessing hundreds of documents (in 24 languages) that had been scanned and stored

in the CENPARMI laboratory.



Language-category Classification between European and Oriental Docu-
ments

Sample documents in our database belong to either Roman, Cyrillic or oriental
category. As mentioned before, Cyrillic documents do not possess the same upward
concavity distribution as Roman documents. Therefore, they cannot be recognized by
using the method of [Spi94] which was designed only to separate Roman and oriental
documents. [LNB96] also did not deal with the Cyrillic documents.

For document classification between these two language groups, we investigated
the features used in [Spi94], with an attempt to adjust and improve their features.
However. we were unable to extend their results to process Cyrillic documents satis-
factorily.

After further study and experimentation, we proposed several new features such
as horizontal projection profile and height distribution of connected components. By
using data analyses and processing. we are able to classify documents from the two

language groups based on statistical features extracted from the documents.

Language Identification within Oriental Documents

Chinese, Japanese and Korean all belong to ideographic languages. i.e. they have
a common structure of pictogram elements and each character can be viewed as a two
dimensional image. As these three oriental languages have very large character sets.
it is not feasible to apply token-based methods which have been used to differentiate
Roman languages.

In [Spi94]. “optical density” is the sole feature used to classify documents from the
three oriental languages. As mentioned previously, this method is not good at dealing
with documents in different fonts. It also requires an almost successful character seg-
mentor as this optical density changes considerably from character to character. On
the other hand, the method of [LNB96] had been used to separate only Chinese from
Japanese, and it cannot properly differentiate between the three oriental languages.
Again, this method depends considerably on the quality of character segmentation
which cannot be guaranteed under existing research results. [SH98] proposed a good
idea by using contour density to adjust the actual optical density, which will alleviate
the problem with documents in multiple fonts. This method is still under study and
more experiments are being carried out.

In our study and experimentation with-documents of these three languages, we

7



have extracted and attempted the differentiation with a variety of features. In the pro-
cess. we have selected three features that are effective in discriminating documents in
Chinese, Japanese and Korean; these features are complex structure, Korean “circle”

and long vertical stroke.

1.3 Organization of this Thesis
The remainder of the thesis is organized into the following chapters:

Chapter 2: Preprocessing

We describe the preprocessing methods which have been used.

Chapter 3: Differentiation between European and Oriental Scripts

The difference between European and oriental languages is discussed. We also
describe our extracted features and how to apply them to differentiate these

two classes.

Chapter 4: Differentiation of Chinese, Japanese and Korean

This chapter presents the visual characteristics of the three oriental languages.
By analyzing the visual characteristics, we have proposed a method and con-

ducted a series of experiments to classify these documents.

Chapter 5: Summary and Future Work

We summarize our work and contributions as well as indicate some future di-

rections for future studies.



Chapter 2
Preprocessing

Our document images are obtained by scanning and binarization of text documents.

2.1 Noise Removal

Since the scanned images are usually not clean, we use the median filtering algorithm
to remove noise. For each image. each input pixel is replaced by the median of the

pixels contained in a window of 3X3 around it.

2.2 Segmentation

We must correctly separate text lines before analvzing their characteristics. The
Run-Length Smoothing Algorithm (RLSA) [WWCS2] has been chosen to segment

document images into individual text lines.

RLSA is the algorithm used to detect long horizontal and vertical white lines,
hence locating the separated non-blank lines. Assume that white pixels are repre-
sented by binary 0’s and black pixels by 1’s. Within an arbitrary sequence of 0’s and
I's, RLSA replaces 0’s by 1’s if the number of adjacent 0’s is less than or equal to a

certain predefined smoothing parameter S. For example, with S = 3, the sequence:
000110000101011000

i1s smoothed into the sequence:

111110000111111111



Horizontal and vertical one-dimensional smoothings are applied to the two dimen-
sional input bitmap of the digitized document separately and two smoothed interme-
diate bitmaps are obtained. Then an "AND™ logical operation is used to combine
these two hitmaps. Due to the existence of some small gaps in certain text lines. an
extra horizontal smoothing is performed to remove them. The choice of the param-
eters is not critical. The values of horizontal and vertical smoothing thresholds S;
and S, should be set to a number of pixels covering the length of long words. whereas
the threshold for removing small gaps S5, should be set to cover the width of a few
character widths. Shown in A. B. C and D of Figure 2 are the horizontal, vertical
smoothing bitmaps of an image with 989 pixels high. 1441 pixels wide. the bitmap of

AND operation and the segmentation result after applying RLSA. respectively.

|

A: Horizontal Smoothing Bitmap(S; = 211)

2.3 Deskewing

A text line is deskewed along its center of mass. Suppose a text line has height 4 and
width w. and it contains N black pixels. Then its center of mass (7. 7) is calculated

as:

10



B: Vertical Smoothing Bitmap(S, = 241)
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C: AND Bitmap
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D: Segmentation Result of RLSA(S = 21)

Figure 2: Horizontal, Vertical Smoothing, AND Operation and Segmentation Result

if and only if (z;.y;) is black.

The (p. q) order central moments 4 is determined by the following:

h-1w-1

Kp.g = Z Z = T)P(y; —7)? (3)

1=0 ;=0
The orientation of a skewed text line is defined as the angle of axis of the least
moment of inertia [Jai89]. calculated by formula (4). By using this orientation angle
6. a skewed text line is aligned by the transformations of formula (3), where (z. y) are

the coordinates before deskewing, and (a, 3) are the coordinates after deskewing.

1 2
0= ;tan'l(——#L) (4)
< K2,0 — Ho.2
a = zcosd + ysind (5)
5
B8 = —zsinf + ycosb

2.4 Line Concatenation

As with any statistical measure, reliability is a function of sample size. We try to
accumulate data from those text lines containing enough information. However, some-

times all the text lines in a document may be very short. If this is the case, we need to
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concatenate several lines into a long one. This is done along their baselines. Inaccu-
racies can occur if we simply concatenate lines along the bottom of bounding boxes.
For example, when one line with descenders is to be concatenated with a line having
no descenders, the concatenation based on the bottom of bounding boxes will not
produce a straight line of text. Shown in (2) of Figure 3 is the concatentation of the
two lines (shown in line (1) of this figure) along the bottom of their bounding boxes,
while line (3) is the concatentation along their baselines. The difference between the

results is clear.

o {[he Tequemcy of whih e peak s |vars wih e viwer nd e el

T oy i e ko i the viwer 4nd i e
o The Tequeney o which e pedk ocees varis win I vier and L el

Figure 3: (1) Two Text Lines (2) Concatenation along the bottom of bounding box
(3) Concatenation along the baseline

2.5 Size Normalization

All text lines are normalized to a given height. We use 64 pixels as the normalized
height for all text lines as we want to express the height of the connected components
as accurately as possible in order to facilitate distribution analysis when differentiating
European and oriental languages. In order to retain the shapes of the original images.
the width of each normalized image is calculated by nor_width = w * 64/h, where

h and w represent the height and width of the original image, respectively.
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Chapter 3

Differentiation between European

and Oriental Scripts

After the image has been preprocessed by using the methods described in chapter
2. the next step of our work is to differentiate documents belonging to European
languages from those of oriental languages.

Our work is based on the analysis of the differences between the language cate-
gories. and on experiments and results obtained by other researchers working in the
same area.

Although it seems easy for a trained human being to recognize the differences
between European and oriental documents, automatic classification of them by using
computers is far from trivial. This is because human beings have superior intelligence
including (but not limited to) deduction, analogy and judgement. They actually
do not need to perform accurate calculations in differentiating the input documents.
On the contrary, computers need to be given an accurate algorithm to “compute-
and-compare” in order to render a decision. The problem of automatic language
classification of documents has been non-trivial due to the fact that we have diffi-
culty in translating our intelligence into a deterministic computer algorithm which
consists of a series of steps of computations and if-then-else logic branches. In gen-
eral, researchers try to explore the differences between these two language groups,
make sure the differences (as represented by “features”) can be quantified (i.e. can
be numerically represented), and are distinguishable after certain calculations per-

formed by computers. Each method they proposed is based on a certain feature(or
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features) they successfully extracted from the document images., and these are used
to separate documents from different sources (language groups). The performance of
different methods largely depends on the “quality” of the feature(s) they used. how
well the features are extracted, and the decision-making process.

This chapter describes the work that we have done in studying the characteris-
tics of documents in both European and oriental language groups. in searching for
and extraction of features representing these characteristics, in experimental analy-
sis/processing, and in decision strategy. Section 3.1 introduces the characteristics of
the language groups under study, Section 3.2 covers the work that have been done
based on the concavity feature, Section 3.3 describes the features that have been cho-
sen to separate European documents from the oriental ones, Section 3.4 explains the
combination of the features, while the experimental results and analyses are contained

in Section 3.5.

3.1 Introduction

In our image database. sample documents are obtained from two sources: European
and oriental. The European source is comprised of Roman and Cyrillic scripts. The
writing systems of these two language categories are alphabetic. in which small sets of
alphabetical characters are the primitive elements used to represent words. sentences.
paragraphs and so on. On the contrary, the writing systems of the oriental category
(Chinese. Japanese and Korean) languages are ideographical. an alternative to alpha-
bets, in which each character can be viewed as a two dimensional image composed of
a variable number of radicals [SMRW9S].

There are no common alphabetic sets for the three oriental languages, instead each
one has its unique writing style and basic patterns to build its characters. The Chi-
nese characters are built from a combination or permutation of about 220 basic pat-
terns [SMRW9S]. Japanese is a mixture of Kanji (Chinese characters), Hiragana and
Katakana. Korean script has evolved into pure syllabaries even though the structure
of its characters (called Hangul in Korean) is similar to that of Chinese characters.

Compared with European languages, oriental ones have larger character sets and

the characters are more complex.
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3.2 Work Based on Concavity Feature

In [Spi94]. the distribution of concaviry points has been used to separate the oriental
language category from the European one. According to [Spi94]. when an image is
scanned from its top to bottom. if two runs of black pixels appear on a single scan
line and there is a run on the line below which spans the distance between these two

runs. then an upward concavity is formed on the line. See Figure 4 as an example.

|

I V —|

Figure 4: Upward Concavity of Letter V

Both Roman and Cyrillic scripts can be separated into three zones by several

reference lines. as shown in Figure 3:
o Upper zone (ascender zonej: the region between the top of text line and a-line.
e \liddle zone (r zone): the region hetween the r-line and baseline.

o Lower zone (descender zonei: the region between the baseline and the bottom

of text line.

x-line

N upper zone
| middle zonf.: _ ‘l’ _ . \
IS _tfeXt provides an 1 U.StI"dt]THk
baseline

Figure 5: Reference lines separating European characters into three zones

Since Roman scripts are mostly composed of lower-case characters. their concavity
points tend to cluster near the r-line and baseline. which is not the case for oriental
scripts. Oriental characters contain more radicals located at different heights of the
text line. vielding a more random distribution of concavity points. However. the

concavity points of Cyrillic characters do not cluster only near z-line and baseline.
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The different distribution of concavity points between Roman and Cyrillic scripts
is due to the different shape of these two alphabets. For example, text line (2) of
Fig. 6 shows a Bulgarian text line of Cyrillic script, in which the upward concavities
cluster near the baseline and some positions between the baseline and the z-line. This
distribution is quite different from that of the English text line shown in (1) of Fig. 6.
where upward concavities only cluster near the z-line and the baseline. Shown in
(3) of Fig. 6 is a Chinese text line, where the concavity points are more randomly

distributed within the text line height.

June and July, Concordfa announced [Wo

Boﬁunun KOHTO TO cfﬁnnxoxa m
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99

—._._...‘
-l
1-

-

=2

Figure 6: Upward concavity distribution of several text-lines

When the method of [Spi94] was applied to our document images. experimental
results are not as good as those described in [Spi94]. We have tried to improve the

results by enhancing concavity points qualification criteria as follows:

1. Black run length check: for a black run, its length should be greater than a
certain threshold. By adding this condition, we can remove some short runs

more likely to be caused by noise.

t

After locating the concavity points based on the definition of [Spi94], we further
check that they are deep enough to be taken as “real” concavity points. This
ensures that we find significant concavity points, and eliminates “cavity” points

caused by uneven strokes.



After the above improvements, our method still cannot satisfactorily classify the
two language categories with respect to the recognition rate and error rate.

Consequently, we proposed three other distinctive features and used them as the
basis of our gross classification work. Experimental results show better classifica-
tion performance than that of using concavity features. These three features will be
descibed in Section 3.3.

It is worth mentioning that, after our work on gross classification has been com-
pleted. Lee et al. [LNB96] published their work in the same area. In this work. the
distribution of concavity locations is one of the features used to distinguish between
European and oriental language categories within their seven languages. Based on the
observation of the different distribution of concavity locations between Roman and
oriental scripts, the numbers of concavities located at different heights are determined
for each text line, after which the locations are normalized by the text line height.
Then the normalized distribution is considered. and the sum n. of the numbers of
concavities located in the two ranges 0.2 to 0.5 and 0.6 to 0.8 are determined. The
position 0.2 means 20% below the top of the text line, and therefore 0.2-0.5 represents
the z-line range while 0.6-0.8 stands for the baseline range. It is assumed that the
regions outside these ranges are occupied by ascenders. diacritics and descenders of
European scripts.

The decision based on this feature is made according to the following criterion. If
n. is greater than 0.8 of the total number of concavities. then the text line is classified
as European. If n. is between 0.6 and 0.8 of the total. then it is oriental. No decision
is made otherwise.

We applied this method to perform the differentiation on our data sets. In a
document, we randomly choose two relatively long text lines and the decision result
is based on the majority voting obtained from the results of these two lines. We only
process these longer lines because statistical results are more reliable when based on
more information and data. Table 1 shows the results obtained from this method.

The results of Table 1 show that the error rate is low, but the rejection rate is
relatively high. This agrees with the general result [LS97] that using an even number
for majority vote gives a more reliable result, while 1t also produces a higher rejection
rate when compared to the voting results obtained from using an odd number.

There are two particular problems with the above decision criteria:

18



Table 1: The results of language classification by concavity location

Language # Samples Recognition (%) Error (%) Reject(%)

European 272 59.19 5.88 34.93
Chinese 191 78.01 0.00 21.99
Japanese 94 47.87 5.32 46.81
Korean 164 36.59 0.61 62.80

e Those two ranges cannot handle lines containing only capital letters and/or

lines without descenders. For each of these two cases, the baseline will move to

a range greater than 0.8 of text line height.

e The above decision criteria cannot separate some Cyrillic scripts from oriental
scripts as it does not consider the concavities lying between those two ranges.

where concavities tend to accumulate for some Cyrillic scripts.

These problems are illustrated in Fig. 7 which has two text lines, one Swedish. the
other Russian, and their concavity location histograms. The Swedish line does not
contain any descenders. and therefore more than 30% of concavity points cluster near
its baseline, which is located beyond 0.S of its line height. In the Russian concavity
histogram, 30% of the concavities accumulate in the range of 0.5-0.6. These two lines
are misclassified as oriental.

Due to the above limitations, the position of concavity points was only used as
one of the four features in the differentiation of two oriental languages (Chinese and
Japanese) from the five Roman languages(English, French, German, Italian and Span-
ish) in [LNB96]. As our task is to handle a greater variety of languages, we need to

explore more features in order to identify the language categories in our data sets.

3.3 Feature Description

In this section, we will discuss the features that have been used to separate European

documents from oriental ones.
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Figure 7: (1) A Swedish text line (2) A Russian text line (3) Concavity histograms

3.3.1 Horizontal Projection Profile

[t is well known that one of the most distinctive and inherent characteristics of Eu-
ropean alphabets is the existence of ascenders, descenders and diacritics. This char-
acteristic has been used in the recognition of words in these languages (for example.
[GS95]) and in the determination of character shapes to differentiate European lan-
guages. such as [S594]. On the other hand, in oriental ideographical languages. each
symbol is bounded by a square box and its height is limited within this box.
Assuming text lines are horizontally aligned and based on human observation of
horizontal projection profiles partially illustrated in Fig. 8§, we noticed that some

differences between European and oriental languages are reflected in the following:

1. The location of local maxima at the lower and/or upper ends of the text line

projection profile, and

2. Ratio of the area of white region bounded by the two most significant peaks to

the area of projection profile.
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Figure 8: Several horizontal projection profiles

Local Maxima of European Profiles

European documents have local maxima (small peak) at the upper-end of their hor-
izontal projection profiles. Below the small peak, a small basin area is present. For
example. in the text line of Bulgarian script shown in the first line of Figure 8. we
can find a small peak at the upper-end of the horizontal projection profile. For some
European documents. there are lower-end small peaks as well, as shown in the profiles
of French and English text lines in Figure 8.

Oriental documents. however. have no such small peaks. Refer to the profiles of
Chinese. Japanese and Korean text lines in Figure 8.

The reason for European documents to have upper-end peaks in the profiles lies
in the presence of ascenders, small over-hanging dots, accent signs, apostrophes. etc.
The descenders of some European characters explain the existence of lower-end small
peaks in some European profiles. For example. the “heavy”™ foot of “j7 as wrell as
that of “v" contribute to the lower-end peak in the horizontal projection profiles of
European documents. Due to the fact that more European characters contribute to
upper-end peak than those contribute to lower-end peak, the upper-end peak is more
significant and can be detected more clearly.

Oriental documents have no local maxima at both ends in their projection profiles

because oriental languages have large character sets and the uneven contribution to
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different height position of horizontal projection profile by any character is mostly

offset by other characters having different shapes and structures.

Based on this difference in the two language categories, we search for the upper-

end and lower-end small peaks from the horizontal profile. The peak identification

criteria are as follows:

e The upper-end and lower-end peaks can only be located in the upper-zone and

lower-zone of the horizontal projection profile, respectively.

e The local maxima should be a relatively small value compared with the most

significant peak in the whole profile because ascenders, descenders, diacritics,

etc. of characters only form a small portion of a text line.

e A basin (minimum) must be found just below the peak. This basin must have

a relative small value relative to that of the peak, and the distance between the

position of peak and that of the basin must be of a certain value.

Here we give the algorithm of locating the upper-end peak in the horizontal pro-

jection profile. The procedure is analogous for the lower-end peak.

L.

I

3.

Locate an initial peak in the upper zone, i.e. in the position range of ({0.
h/3 —1]) (h is the normalized text line height). To do this, we find an initial
maxima at position ¢ satisfving:
population[i] > population[j], j < i and
population|i] > population[i + 1]

Determine if the initial maxima is the candidate for the upper-end small peak.
If population[i] is relatively big compared with the most significant peak in
the whole profile (more than 1/3 of the most significant peak) or if the width
between position 7 and h/3 — 1 is too narrow (less than 1/10 of A), then
population[i] is not a candidate and the algorithm terminates. Otherwise goto

step 3.
Decide if this peak candidate is a real ascender peak as follows:

e The width between 7 and the immediate local minimum or the upper zone
boundary (h/3 — 1) (if the boundary is reached before a local minimum is

located) must be greater than h/10.
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¢ The population of the immediate local minimum or the upper zone bound-

ary should be less than 0.85 * population[i].

If such an ascender peak is found, then the algorithm terminates; otherwise the
search is continued in the position range of ([t + 1, /3 — 1]) until the boundary

is reached.

White-Black Ratio

In European languages, long black runs generally occur near the x-line and the base-
line. resulting in two significant maxima at these positions. For the other positions
along the text line, the horizontal projections have much lower values. In oriental
scripts. the horizontal projections would not contain two such prominent maxima. It
is known that oriental characters are denser than European characters and they have
more strokes. especially more horizontal ones. For these reasons. there are more long
black runs in an oriental horizontal projection profile than in a European one and
they are also more evenly distributed from the top to the bottom of the text line,
which makes the ratio of white area to black area smaller in oriental documents.
Consequently, if we consider the white space in the trapezoidal region bounded
by the two maximum values (refer to Figure 9), then the ratio of white area to black

area is larger in European than in oriental languages.

small peak on the upper end

area of white runs
between two significant runs

Figure 9: A horizontal projection profile of a Bulgarian script line

To calculate the black/white area ratio, the following method is emploved:

1. Find the two maximum runs R; and R, on the upper half with position range
([0. /2 — 1]) and lower half ([2/2, h — 1]) of the horizontal projection profile

respectively, where h is the normalized text line height. In our case, h is 64.
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2. Determine the white area enclosed by Ri, R, and the line connecting R; and
Rs. This is illustrated in Figure 9. Assuming the trapezoidal region is bounded
by [hR1, 0], [Ar1, R1], [ARo. R2] and [hpa, 0], then the white area is:

hpo

* (Rl + R2) « (hpa — hm1) — D R[], (6)

i=hpy

Su =

w

o)

<

where hp,, hr, are the vertical locations of R1 and R2 respectively. R[i] repre-

sents the length of horizontal black run at vertical position i.

3. Determine the black area S; of projection profile as:
h—1
Sy =>_ R[] (7)
1=0
The black area is the sum of all horizontal black runs in the range of text line

height.

4. Calculate the white/black area ratio R as:

g

2w
S

[v.s)

R= (8)

The value of R is expected to be larger in European documents than in oriental ones.

3.3.2 Height Distribution of Connected Components

It is known that oriental characters are more complex than European ones. This
kind of complexity can be represented by the number of connected components or
the number of strokes in each character cell. For the 52 lower-case and upper-case
letters of English alphabet, we know there should be only one connected component
in each letter except letters “i” and “j”. By studying Roman and Cyrillic alphabets.
we know that for the European scripts, most letters contain only one connected
component and none of them should have more than three connected components.
whereas the characters in oriental languages are composed of radicals (from 1 to more
than 10, ([Sue92], [Eji94])), which can be located at different heights of the text-line,
and these characters are more complex.

In our work, we do not use the number of connected components in each character

to represent the difference between these two language categories, because this feature
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relies on an almost accurate cell segmentor. Also, extracting strokes from these
languages would be somewhat difficult. Instead, we use the height distribution of

connected components to reflect the difference in complexity between oriental and

European scripts.
For European scripts, the heights of the characters are mainly attributed to three

factors:

1. Small accent signs.

(8

. Lower-case letters having neither ascenders nor descenders.
3. Upper-case letters and lower-case letters with ascenders or descenders.

Figure 10 shows a European text line and the generated connected components

represented by bounding boxes.

30. Jedyn &lowjek dzéSe z Jeruzalema do
L o o A D o Uooodloo o

Figure 10: A European text line and its connected components representation

For oriental scripts, more than half of the characters consist of two or three
connected components and these components can have many different heights, as

illustrated by a Chinese text line and its connected components representation in

Figure 11.

WEBEWN, —RME. LERMETAE
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Figure 11: A Chinese text line and its connected components representation

A comparison of Figure 10 and Figure 11 suggests that oriental scripts can be
separated from European ones by the difference in the height distributions of their
connected components. For a given text line, its height distribution of connected

components is generated as follows:
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1. All the eight-connected components are generated [RD84], and the coordinates

and the dimensions of the bounding box for each component are determined.

2. The height distribution histogram of the components is constructed. Each value

on the z-axis represents a height, which may vary from 1 pixel to the normalized

image height. The y-axis shows the populations of components having each

height.

Figures 12 and 13 show the height distribution histograms of three oriental text
lines (Chinese, Japanese and Korean) and the height distributions of three European

text lines (Polish. French and Russian). It can be seen that the height distributions

of European languages show one or two prominent peaks representing factors 2 and

3 of the three factors stated previously, while those of oriental languages are more

uniform and the outstanding peaks are located near the full text line height.
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Figure 12: Height distribution of the components of oriental languages

We define a prominent peak as a value which is several times larger than the

average with an absolute large value. The second condition is to ensure that we

select a real prominent peak instead of a trivial one. (If we have a very small average

value, several times of this value is still too small for it to be chosen as a prominent

peak).

To search for prominent peaks in a height distribution histogram, the following

procedures are adopted:
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Figure 13: Height distribution of the components of European languages

o Height distribution histogram normalization. The x-axis has already been nor-
malized to 64 pixels and we normalize the y-axis to 50. This value was chosen
because we consider 50 components and the maximum possible height popula-

tion is 50 if all the components have the same height.
e Calculate average values avg and avg2.

1. Compute avg, the population mean.

Assume there are N different component heights in the height distribution

histogram, then the avg is calculated as follows:

N
avg = 1 > population]i] (9)
N =1
2. Compute avg?2.
1 .
avg2 = I > populationl[i] (10)

Where the summation is over all populations for which, population[i] <
MIN (2avg, thl+avg). In (10), th1l is a threshold (¢h1 is set to 4), and M s
the total number of populations satisfying population[i] < MIN(2avg, thl+
avg). avg2 is a partial average value of the population in the height dis-

tribution histogram. In calculating avg2, a few large peak populations
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may be discarded, so that avg2 can better represent the average value of

a majority of populations in the histogram.

e Locate prominent peaks. A prominent peak population[i] should satisfy the

condition:
population[t] > MAX(th2 * avg2, avg + th3) (11)

where ¢h2, th3 are two thresholds obtained from the training data (¢42 is 3 and
th3 is 6).

e If prominent peaks cannot be located by the above method, then we take into
consideration the two direct left and two direct right neighbors. If population[i—
1], population[i — 2] are the two direct left neighbors of population[i] and
population[i + 1], population[i + 2] are the two direct right neighbors. then

we take population[i] as a prominent peak if and only if:

o2, population[z] > MAX (th2 * avg2, avg + th3), (12)

where the summation is taken over all x for which population[zr] > MIN (avg.avg2+
2).
After locating prominent peaks from the height distribution of connected compo-

nents. we classify this height distribution to European or oriental as follows:
o Check the number of prominent peaks.

e Determine if the prominent peak is a qualified European peak which represents
factors 2 and 3 of the Euorpean characters stated previously. The prominent
peaks which appear below 1/4 or above 7/8 of normalized text line height are
not taken into consideration because peaks located at less than 1/4 of text
line height represent diacritics of European languages and those appearing at

greater than 7/8 of text line height tend to belong to oriental characters.

e Determination based on the number of peaks:

1. If more than two European peaks are found, then no decision is made for
this height distribution;

If one or two European peaks are found. then this distribution is classified

o

as European:

[
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3. Otherwise this distribution is classified as oriental.

We give an example to describe how the calculations are made to locate the
prominent peak(s) and the classification result based on this information. Shown in
Figure 14 is a European text line and its normalized components height distribution

histogram.

Kiel elektigas la normlingroj? La haveblaj bstoriaj aests

(a): A European text line

Population

A

1s r

|'\A\IJ 1 i . ‘ l 1 o

10 20 30 40 Height

(b): Components height distribution of (a)

Figure 14: A European text line and its normalized height distribution histogram

Based on the components height distribution, we compute avg and avg2 accord-
ing to equations (9), (10) and obtain two values: 3.57 and 2.17, where avg2 is the
average value of the remaining populations after discarding two peaks: 14 and 10.
The next step is to search for prominent peak(s). Since population[30] = 14 and
population[40] = 10, they satisfy equation (11), and are therefore considered as promi-
nent peaks.

In the classification stage, our task is to determine if these prominent peaks are
also European peaks and to make a decision based on the number of European peaks.
Since these two peaks are located at heights 30 and 40, neither of them is located

below 1/4 or above 7/8 of normalized text line height, hence they are considered to

29



be European peaks. This text line is classified as European because there are two
European peaks in the height distribution histogram.

In summary. the component height distributions of European scripts possess at
most two outstanding peaks, representing factors 2 and 3 stated previously. The
component heights of oriental characters are distributed more evenly and a prominent
peak occurs near the full text line height. This is because most oriental characters

have a component occupying almost the full text line height.

3.3.3 Bounding Box Overlapping/Enclosing

Many oriental characters consist of two or more connected components and they are
juxtaposed in various ways: right and left, top and bottom, one enclosed within
another, etc. In contrast, all European characters have only up to three elements and
one component is never contained within another. As shown in Figure 13, a sample
Chinese character which means nation has three connected components, two of which
are enclosed in a third one. This kind of situation does not occur for characters in

European languages.

Figure 15: A Sample Chinese Character with Enclosed Structure

In order to locate the structure of one component enclosed within another in

oriental languages, we use the following steps:

e Generate 8-connected components [RD84] and use bounding boxes to represent

them.

e Determine if the “one component is enclosed within another” structure exists

as follows:

Suppose two connected components CC{:] and CC[j], and suppose ul(z;, y:).
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Ir(z;. y:) and ul(z;,y;). Ir(z;,y;) are the coordinates of the upper-left and lower-
right corners of the bounding box of CC[{], CC[j]. If

CCljl.ul.z; < CCli)ul.z; < CC[jl.dr.z;, and

CCljlul.z; < CCi).lr.z; < CCJ[j).lr.z;, and

CCljl.ul.y; < CCli)uly; < CCljlIry,, and
CCljluly; < CCH).Iry; < CC[y).lry;

then CC[:] is enclosed within CC[j].

3.4 Combination of the Features

In previous sections, we have proposed three features to differentiate the two lan-

guage scripts. Here, we will describe how these features are combined to produce our

experimental results.

o

The horizontal projection profile is used to identify some European documents.
If we can locate one and/or two small peaks and the white/black area ratio

2> T. then this document is classified as Roman. (7} is a threshold set at 0.38).

If no small peaks exist and ratio of white/black area < T, then the document
is classified as oriental. (75 is a low threshold used to filter out some oriental

documents).

If neither of the above is satisfied, then we consider the components height
distribution. If this distribution shows an oriental tendency, then the document

is classified as such. Otherwise,

If the components height distribution is Roman-like, then we consider the num-

ber ez of bounding boxes that are enclosed within another. If

ew < ?g—c (13)

the document is classified as Roman; otherwise it is considered to be oriental.

(n¢c is the number of connected components considered).
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3.5 Experimental Results

3.5.1 Datasets

Our images were scanned from books, newspapers, magazines and computer printouts.
Both oriental and European documents are scanned at 300 dpi resolution.

In our database, there are 272 European document images printed in twenty-
one different languages, such as English, French, German, Russian, Italian, Dutch.
Portuguese. etc. For the oriental languages, we have 9/ Japanese documents, 164

Korean documents and 197 Chinese documents.

3.5.2 Results

Tables 2, 3. 4 and 5 show the differentiation results on the basis of one 50-component.
two 50 components. three 50 components and four 50 components, respectively. For
the last three cases, decisions are made by majority vote of the 2 or 3 or 4 sets of 50
components. In our processing, we randomly select a relatively long text line and if
necessary, several lines are concatentated to obtain 50 components. As the generation
of one 50 components depends on random selection. we do not rely on the outcome of
only one trial. So in the differentiation by using only one 50 components. we test the
data set several times (in our case, we average the results of three trials) and average
the results in order to reduce the element of chance. The average processing time for

a document by using one 50 components is 17 seconds on a Sun Sparc 20 workstation.

Table 2: The results of language classification by using one 50-component

Language Samples Not processed Recognition (%) Error (%) Reject(%)

European 262 0 95.32 4.68 0.00
Chinese 181 0 98.34 1.66 0.00
Japanese 84 0 99.21 0.79 0.00
Korean 154 0 97.62 2.38 0.00

32



Table 3: The results of language classification by using two 50-components

Language Samples Not processed Recognition (%) Error (%) Reject(%)

European 262 1 95.40 0.38 4.22
Chinese 181 1 96.67 0.56 2.78
Japanese 84 0 100.00 0.00 0.00
Korean 154 0 96.10 0.00 3.90

Table 4: The results of language classification by using three 50-components

Language Samples Not processed Recognition (%) Error (%) Reject(%)

European 262 2 938.08 1.92 0.00
Chinese 181 2 100.0 0.00 0.00
Japanese 84 0 100.0 0.00 0.00
Korean 154 5 100.0 0.00 0.00

Table 5: The results of language classification by using four 50-components

Language Samples Not processed Recognition(%) Error(%) Reject(%)

European 262 5 99.22 0.00 0.78
Chinese 181 4 100.0 0.00 0.00
Japanese 84 0 100.0 0.00 0.00
Korean 154 10 100.0 0.00 0.00
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3.5.3 Analysis of Results

At the present, we are able to differentiate the script of a document as being either
European or Asian on the basis of four 50-components and obtain a high recognition
rate while maintaining a relatively low rejection rate. From the results shown in
Tables 2. 3, 4 and 5, we notice that the error rates are relatively higher when 1
and 3 units of 50 connected components are considered, while the rejection rates are
higher when 2 and 4 units of 50-components are used to differentiate the two language
groups. This voting results obtained also illustrate the theoretical findings published
in [LS97]. When four 50-components are used, 100% reliability is achieved. It is also
worth mentioning that an increasing number of documents cannot be processed when
more units of 50-components are used for voting, because these documents do not
contain enough components.

In our experiment, we find that when the quality of a European document image
is low. either because many characters are broken or some characters are touching
each other. then its component height distribution may cause the document to be
misclassified as oriental script. For such a document, the number of bounding boxes
enclosed in others may exceed the threshold set for European documents, thus causing
the document to be classified as oriental script even if its components height distri-
bution shows an European tendency. Also, we have difficulty identifying European
documents written in certain fonts that are closer to handwriting than machine print.
An example of this is shown in Figure 16.

Figures 17, 18 and 19 show examples of European text lines that are misclassified
as oriental. The Swedish line of Figure 17 and the German line of Figure 18 are of
poor quality as many characters are broken. The German line of Figure 19 is classified
as oriental because many characters are touching, and also because the horizontal line
beneath the first word causes the number of enclosed boxes to be large.

Oriental documents tend to be classified as European ones if more then 20% of
their characters come from another source. such as European languages. In this case,
a peak could be found which indicates the presence of European characters, causing
the document to be misclassified as European. Figures 20, 21 and 22 show Chinese,
Japanese and Korean text lines, respectively, all of which are classified as European
lines because they contain a high percentage of European characters. Figure 23

shows a Chinese line which is identified as European because it contains a significant
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proportion of digits.
Dans Le but de clarnifier et précisen Les noles el fonctions de £'organisateurn {trice)

Figure 16: A French Line Misclassified as Oriental

vaksam. Hon drog sig bort frdn honom, s3 forsikti

Figure 17: A Swedish Line Misclassified as Oriental

d) Amhbrosianus [¥ (Sign. & RZ parte auperinrs) 3 K Atte

Figure 18: A German Line Misclassified as Oriental
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AuBlenfinanzicrung: Das Kapital kommit aus Kapitaleinlagen oder Kreditgewihrungen.

Figure 19: A German Line Misclassified as Oriental

EEFMEFIR T, DEC L ] T =# MANMAN EHX QT FEE MANMAN/MFG . MAN- T I EFRU &,

Figure 20: A Chinese Line Misclassified as European

T — [ (communication flow diagram)ix, A -~ + b L EimX T, TPz,

Figure 21: A Japanese Line Misclassified as European

sorry I misplaced your business card.(o}] 22 2] ofck 3 22 &Felstd FE(mis) EHpl

Figure 22: A Korean Line Misclassified as European

BF",F 1961 EQBT AZATF 2 MLINIERRZAFEARANF 1945 M AZAHAR

Figure 23: A Chinese Line Misclassified as European
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Chapter 4

Identification of Chinese,

Japanese and Korean

By using the features and classification method described in Chapter 3, our document
images have been separated into two groups: European and oriental. Qur next step is
to identify each of the three languages in the oriental group. i.e.: Chinese. Japanese.
and Korean. The writing syvstems of these languages have a common structure of
pictogram elements [SMRW98]. and they are further inter-related through usage of a
common set of characters.

One reason which makes the identification of these three oriental languages rela-
tively diffficult is that they have very large character sets which are also increasing
in size. This is not the case for the European languages, in which the character sets
are small and closed sets. Due to this reason, many methods which are effective
for the differentiation of European languages cannot be adopted and applied to the
classification of these three oriental languages.

In this chapter, we will introduce the identification of these three oriental lan-

guages based on an analysis of the visual characteristics of their characters.

4.1 Characteristics of Chinese, Japanese and Ko-
rean Characters

The three oriental scripts can all be called ideographical or pictographical scripts

while each of them possesses its own characteristics which can be used to distinguish
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it from the others.

Chinese characters are unique because of their special system of construction. their
long history(more than 4,500 years) and their large number. One unique feature of
Chinese characters is their appearance. Each character is formed by a definite number
of strokes, usually less than 12 in number, but some characters have more than thirty
strokes [Wan88]. Regardless of their number. all strokes should fit into a square box
in an appropriate way. The result is that each character remains within its own
box, and characters do not overlap. Because of this, Chinese characters are also
known as “square characters”. Other unique features of Chinese characters are the
large vocabulary used nowadays, and also that the Chinese vocabulary is open-ended
and continues to grow. although at a slow pace. According to the study of Chinese
Character Analysis Group of Taiwan. there are more than 74,000 Chinese characters
known today. each represented by a unique graphic picture. However, less than 5.000
common characters cover 99% of daily usage, and the most 2.000 common characters
constitute 97% of usage [SMRW9S]. [HH].

Chinese characters were exported from China to Japan more than a thousand
vears ago [SMRW98] and since then, Chinese characters, called Kanji. were used as a
standard in Japan. However. among the large number of Chinese characters. at most
4.000 are used in Japan. Besides Kanji. two sets of Japanese Kanas (Hiragana and
[Katakana) are also used in Japanese. Consequently, Japanese is actually a mixture
of Kanji (for. most nouns, verbs, and adjectives). Hiragana and Katakana which are
phonetic symbols invented by the Japanese to represent particles and other gram-
matical parts which have no exact equivalents in Chinese. Katakana is an angular
script which is most often used for borrowed words and emphasis, while Hiragana is a
cursive script with sounds correspond to those in Katakana. Katakana and Hiragana
sets contain 86 and 83 characters, respectively [Lau93].

According to [SMRW98], there was no distinct Korean alphabet until the 15th
century and Koreans used Chinese ideographs to express their languages in writing.
sometimes to represent the ideographs’ original meaning and sometimes to simply
express sounds. However, the sounds of the Korean languages differ from those of
Chinese, and the learning of writing complex Chinese characters was a difficulty for
the common people. In order to solve this problem, King Sejong the Great appointed
a group of scholars to invent a new simple method of writing down spoken Korean.

As a result. the Korean script. called Hangul was devised. Hangul is a highly phonic
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writing system [Chu91] in the following aspects:
e Hangul was invented based on the spoken Korean language.

e The shapes of Hangul alphabet symbols were created to imitate human speech

sounds.

e The articulatory principle of syllables and words is explicit from the texture

notation.

There are 11,000 possible Korean characters, only 2,300 of which are commonly
used. The Korean language can be viewed as a hybrid of the Roman alphabetical
language and the ideographical Chinese script. The lexical structure of Korean is
analogous to that of Roman languages because of the hierarchical formation of the
alphabet. phonemes, morphemes, and words. However the graphical form of Hangul
characters is similar to that of Chinese, as each character is a two-dimensional ar-
rangements of letters within a square box. For these reasons, Korean script is a

phonography with an ideographical flavor.

4.2 Work Based on Optical Density

By studying the characteristics of Chinese, Japanese and Korean scripts. we know
that Chinese characters are the most complex. and searching for a proper feature to
represent this kind of complexity becomes one of our tasks in the language discrimi-
nation process.

From the previous section, we know that Chinese texts are composed of pre-
dominantly dense Chinese characters, Japanese characters are a mixture of relatively
light characters(including Katakana and Hiragana) with relatively dense characters
(Kanji). Based on this observation, Spitz [Spi94] proposed the differentiation of the
3 oriental languages by using an optical density feature as described in Section 1.1.2.

This method has two main drawbacks:

e Optical density is decided not only by the language to which the character
belongs, but also by the font and printing style. Different fonts in the same

language may have different optical densities.
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e Optical density relies on a successful cell segmentor as the density varies from

character to character.

Due to the above reasons, Lee et al. [LNB96] modified the definition of optical
density (see Chapter 1 for a detailed description) to take into consideration both
pure optical density and the difference introduced by font design, and used the new
definition to separate Chinese from Japanese.

We have applied the method of [LNB96] to our Chinese and Japanese training
samples and obtained the results shown in Figure 24, from which it can be seen that
Japanese and Chinese training samples can be separated linearly. Unfortunately, this
method is only effective for the separation of Chinese and Japanese texts. When we
add the Korean training samples, we obtain the results of Figure 25. which shows

that Korean cannot be distinguished from Chinese and Japanese.
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Figure 24: Method of Lee et al. when applied to Chinese and Japanese training
samples
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4.3 Feature Extraction

In this section, we will propose some new features to identify the three oriental lan-
guages. In our feature extraction process, we obtain the character cell by computing
the vertical projection profile of the text lines. Assuming the text lines are oriented

horizontally, each character cell can be separated by all zero entries or white gaps as

they are called, as illustrated in Figure 26 for a Japanese text line.

Figure 26: Character cells of a Japanese text line

4.3.1 Complexity of Structure

This feature emphasizes the complexity of Kanji characters in Chinese and Japanese
languages and differentiates them from the simpler Korean, Hiragana and Katagana
characters. A character cell is said to have a complex structure if it has at least one
loop containing other components, or this loop contains more than one inner contour.
Figure 27 presents several examples of Chinese characters which have a “complex
structure”. The first and second characters, meaning “blood” and “self’ respectively,
contain three small rectangles within their outer contours. For simplicity, all squares,
rectangles, circles, and ellipses will be treated as loops from here onwards. The third
character, meaning “refurn”, has a loop enclosing another one: the small rectangle.

To extract the loop features, we apply the contour tracing algorithm [Str93], which

Figure 27: Examples of complex structure

determines the connected components and stores them in a representation which
reflects 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. Any outer contours
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contained within an inner contour are linked horizontally to its right, while any inner
contours contained within an outer contour are linked vertically beneath it. The

complexity of a character can be obtained by checking its contours as follows:

e At least one of the character’s outer contours has more than one element linked
below it, meaning this outer contour contains more than one inner contour, e.g..

the first and second characters in Figure 27;

e At least one of the character’s inner contours has at least one element linked
to its right, meaning this inner contour has at least one outer contour, e.g., the

third character in Figure 27.

If one of the above conditions is satisfied, we say that we have found a character
possessing a “complex structure”. Shown in Figure 28 is an example of a Chinese
text line. in which all the characters with complex structure are marked by bounding
boxes. The fact that Kanji characters contain more strokes juxtaposed in various
ways results in the frequent occurrence of characters with complex structures. After
experimentation, we determine that the frequency of the complex structure in Kanji
characters is greater than that in Hangul characters, which in turn is greater than

that in Hiragana and Katagana characters.

RIHAER, SHENEARET . LA

Figure 28: Characters with Complex structure in a Chinese Text Line

4.3.2 Korean “circles” and “ellipses”

“Circles” or “ellipses” are among the primitive strokes used in the Korean script.
According to [KK96b], the frequency of their usage is 19.47%. The fact that many
Korean characters contain “circles” or “ellipses” was noted in the very early stage of
our oriental script differentiation process, but extracting a proper feature to represent
this information had taken thought and effort.

Digitized “circles” and “ellipses” are not the perfect circles or ellipses as in geom-
etry, because they are actually very similar to digitized “squares”, “rectangles” and

other loops. The fact that Kanji characters contain many “squares”, “rectangles” and
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other loops has necessitated a search for methods to represent the difference between

Korean “circles™, “ellipses” and other loops based on more than their shapes alone.

Size Filtering

Loops which are too short tend to be small punctuations or small portions of some
Kanji, Katakana and Hiragana characters (see line 1 of Figure 29 for some examples).
At the same time, loops with heights greater than half of the text line height tend to
be part of the most frequently occurring Hiragana characters (see character 2 of line

2) and some Kanji characters (see character 1 of line 2).

N ¥ 7 = F o3 o3 i

I 9

Figure 29: Examples of characters containing short and tall loops

Consequently, we choose the isolated loops occupying less than half of the text line
height and more than a minimum height tolerance as eligible candidates for further
processing. This first step of filtering can quickly reject those loops which are either

too short or too tall. The remaining loops are then considered below.

Location Filtering

Korean characters are composed of 24 simple graphemes and 27 complex graphemes
consisting of two or three simpler graphemes. A grapheme is either a vowel or a con-
sonant [KK96a]. Ten of the simple graphemes are vowels and the rest are consonants.
Korean characters can have six structures according to the grapheme combination
as shown in Figure 30, where VV denotes a vertical vowel, HV a horizontal vowel,
C1 the first consonant and C2 the last consonant. For every Korean character, there
must be one first consonant and at least one vowel [KK96b]. The first consonant
should be on the left of the vertical vowel (see Types 1, 2, 5 and 6 in Figure 30) and
on top of the horizontal vowel, if it exists (see Types 3, 4, 5 and 6). The optional last

consonant is located below the first consonant and the vowel (see Types 2, 4 and 6).
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cr | v ci o cl Cl
vv
crL | vv HV Y HV
vl
c2 HV c2 HV o
Type 1 Type 2 Type 3 Type 4 Type s Type 6

Figure 30: Six structures of Korean characters

Korean “circles” and “ellipses” occur only in Korean consonants. If this consonant
appears as the first consonant in a character, then from Figure 30. we know it is
located at either the very left (Types 1, 2, 5 and 6) or very top (Types 2, 3, 4, 5. 6)
positions. If it appears as the optional last consonant, then it will be located at the
very bottom (Types 2, 4 and 6) position of its character within the bounding box.
From this, we can conclude that many Korean “circles”™ and “ellipses” appear at the
very top, bottom or left of its character cell. On the other hand, Kanji “squares”
and “rectangles” do not appear in specific positions. but are randomly located in its
character cell.

In our method, we only analyze those isolated loops located at the very top.
bottom or left of its character cell. If any external contour of a character contains
exactly one internal contour and this internal contour does not contain any other
contours, then the character has an isolated loop. During the character segmentation
phase (in which each character cell is obtained from its vertical projection profile.
assuming the text line is horizontal), the coordinates of the top-left point. width
and height of the character’s bounding box are determined. When we analyze the
position of a loop, we consider the bounding box of its inner contour instead of its
outer contour. Since a loop’s outer contour may be connected to other part(s) of
the character, it would not be useful if we use this bounding box to determine the
position of the loop. This can be seen in Figure 31, which illustrates bounding boxes
of external contours of loops. For this reason, we consider the inner contours of loops.
and we need to consider a loop’s absolute position as well as its position relative to
the character cell containing it.

Let X and Y represent the vertical and horizontal axes, respectively, where X
increases from top to bottom and Y goes from left to right. Let (zo,y0) and (z;.y1)
denote the top-left and bottom-right points of a character cell’s bounding box, re-
spectively. Suppose (z;, ) and (zs,ys) are the top-left and bottom-right points of the

bounding box of the loop’s inner contour. Then we calculate three ratios to determine
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Figure 31: Loop’s external contour containing other parts

the position of the loop relative to the character cell using the bounding box of the

inner contour of the loop.

® (y1 — y:1)/(y1 — yo) is used to determine the closeness of the left of the loop to
that of the character. If this ratio is at least r; (r; = 7), then we consider this

loop to be close to the left of its character cell.

e (z1 — z1)/(z1 — o) is used to determine the closeness of the top of the loop to
that of the character. If this ratio is at least 7, (1, = 4), then we consider this

loop to be close to the top of its character cell.

® (zp — z0)/(z1 — xs) is used to determine the closeness of the bottom of the loop
to that of the character. If this ratio is at least r3 (r3 = 10), then we consider

this loop to be close to the bottom of its character cell.

By using the relative positions of the loop, the impact of unpredictable stroke thick-
ness is alleviated.

After this position filtering. loops which are not located at the above specific
positions would be filtered out. Figure 32 shows a Japanese text line, in which the
loops belonging to characters 1 and 3 are filtered out after size filtering, and loops

belonging to characters 2 and 4 are rejected by position filtering. After size and
y ’-l \2, \ | ; 5
MR T, ()5 TR ERRRY -

Figure 32: A Japanese text line

-

position filtering, a large number of isolated loops would have been rejected, but
there may still remain some loops which are neither Korean “circles” nor “ellipses”.
Figure 33 gives examples of such loops, and characters containing them are indicated

by bounding boxes.
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& 1l 980 44 9, 49 429 8

Figure 33: A Korean text line

Turning angle of corner points

After the previous two steps based on character size and position have been applied
to identify possible Korean “circles” / “ellipses”, the detection strategy is based on
character shape. Theoretically, a square or a rectangle is formed by four straight
lines, has four corner points and the turning angle of each corner point should be
or very close to a right angle. Geometrical circles are constructed by smooth curves
and they should have few straight lines and corner points. Hence from the number of
corner points or straight lines, we should be able to separate squares and rectangles
from circles.

Unfortunately, digitized images often do not possess perfect geometric shapes.
The numbers of corner points of Korean “circles™ / “ellipses” are not fixed. and the
number of straight lines constituting “squares™ / “rectangles”™ may also vary. Because
of these reasons, it is impossible to differentiate “circles™ / “ellipses” from “squares™
/ “rectangles” simply by the number of corner points or straight lines. Therefore, we
consider the turning angle at each corner point.

We use the method proposed in [Str93] to detect the contour corner points. In
the first step, points of high curvature are located. As the algorithm tends to find a
cluster of points in the vicinity of a corner instead of just one point, the second step
is to merge these clusters. In this step, the contour is traced and corner points that
are less than a small threshold distance ¢, from each other are grouped into the same
cluster. Each cluster is then reduced to those corners in the cluster for which the

absolute N-code [GN70] is greater than a threshold:
lel [ =1lci |2 2t (14)

where the N-code is one way of using differential code to locate corners. It computes
a weighted sum of differential chain codes in a sequence of pixels of length 2N — 1

centered at the :** pixel in the contour:

N-1
e =Nei + Y (N —k)(ciok + cigk) (13)
k=1
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where ¢; is the differential chain-code at the i** pixel.

After detecting contour corner points, we inspect their turning angles. We assume
a larger turning angle indicates smooth turning at the corner while a smaller angle
represents a relatively sharp turning.

For a contour corner point A, we search for points F and B along the chain in
order to define the turning angle of A. Neither F nor B should be A’s adjacent corner
points because using A’s adjacent corner points would produce information that is
too localized to allow decisions to be made on the turning angle of A. F and B are
on the left and right sides of A, respectively, if clockwise contour tracing direction
is followed. The selection criteria for points F and B are based on (a) the length of
chain codes, and (b) the positions of A’s adjacent contour corner points. We define

skip:
skip = M AX(3.chainlength/24)

as the number of points needed to be skipped in order to get B and F, also B and F
should not be beyond A’s adjacent corner points. After locating B and F. the turning

angle 6 of A is computed as:
§ = arccos((d1? 4+ d2* — d3%)/(2 = d1 * d2)) (16)

assuming d1, d2 and d3 are the length of lines AF, AB and BF, respectively. Through
experimentation, a loop is classified as a Korean “circle” if it satisfies the following

two conditions:

e Turning angle of each contour corner point is greater than or equal to degreel

and
e The average turning angle of all corner points is greater than or equal to degree?2,

where degreel, degree2 are set to 100 and 120 in degress, respectively. Figure 34
illustrates a Korean character (marked by a box) containing a rectangle which is
distinguished by sharp turning angles of its corner points.

This method can efficiently differentiate Korean “circles” from rectangles, squares,
triangles and some other loops. Unfortunately, this method cannot separate Korean
“ellipses” from rectangles/squares and some other loops when the turning angles of

corner points on Korean “ellipses” do not follow the above two rules. The larger the
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Figure 34: Rectangle contained in a Korean text line

curvature of ellipses, the more difficult it is to separate them from other loops by this
method. Therefore this method may not be effective in certain Korean fonts. where

“ellipses” are used instead of “circles”.

Determination of Korean “circles”

In our method, a Korean “circle” is determined by the following rules:

1. For an isolated loop, if its height is less than half of its text line height and

greater than the minimum height tolerance, then go to step 2;

o

If it is located at the very top, or very bottom or very left of its character cell,

then go to step 3 or 4;

3. If the isolated loop contains no corner point, then it is classified as a Korean

“circle™;

4. If the isolated loop contains corner point(s) and all corner points have large

turning angles then it is classified as a Korean “circle”.

4.3.3 Korean Vertical Strokes

This feature is designed to target a group of frequently used Korean characters con-
taining certain unique connected components. The decision to choose this distin-
guishing feature was based on experiments. However, from the following paragraph,
we can conceptually understand why it helps us in differentiating scripts of the three

oriental languages.

Korean Script
According to observation and analysis, a significant number of characters in ko-
rean script contain isolated vertical strokes, and a large proportion of such strokes

are almost as tall as the Korean characters themselves.
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Figure 35: 100 Most Frequently Used Korean Characters
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Figure 35 shows the 100 most frequently used characters in modern Korean script.
As we can see, about 12% of the characters contain a completely isolated long ver-
tical stroke, normally on the righthand side of the characters. Also, another 12% of
characters contain similar vertical strokes with one or two horizontal “bars”. These
two kinds of isolated vertical strokes add up to more than 24% of the 100 most fre-
quently used characters. We believe this is very distinctive and should be very useful

in identifving Korean script.

Chinese Script

It is well known that the Chinese character set is extremely large. About four
thousand characters are considered to be most frequently used and are indispensable
for composing ordinary Chinese documents. In these most frequently used characters.
only a very small portion (less that 5%, based on observation of the sample documents
used) contain vertical strokes that resemble those found in Korean scripts. The
Chinese characters are more complex and dense, hence more strokes within each
character cell tend to touch or intersect each other, resulting in fewer isolated vertical
strokes.

It is worth noting that there are some structural differences between the vertical
strokes in Chinese documents and those in Korean. For example, most vertical strokes
in Chinese have a “hook” towards the left at the bottom part of the stroke, while
the vertical strokes in Korean script are very “smooth™ at the same position of the
strokes.

However, our experimental result shows that the significant “proportional differ-
ence” of such vertical strokes in documents of these two languages is sufficient to

differentiate them in most cases.

Japanese Script

There are several groups of characters in Japanese script: Kanji, Katakana and
Hiragana. Katakana and Hiragana have small sets of characters (around 160) and
most of them do not contain similar vertical strokes to those in Korean script. Char-
acters in the Kanji group were derived from ancient Chinese characters and the shape
of vertical strokes is very similar to those in Chinese.

The following describes the techniques and procedure of extracting this feature,

which is based on locating isolated vertical strokes in scanned images of documents
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in these three oriental languages.

Intuitively, a few criteria need to be satisfied for a connected component to qualify

as a “Korean-style” vertical stroke.

1.

[V}

(V1]

Overall Slimness: As the name implies, a vertical stroke’s height should be

greater than its width.

Relative Height: The component needs to extend through most of the entire

height of the text line.

Head-off Slimness: In many cases (depending on the font), Korean vertical
strokes have left-pointing “heads™ at their top-most position. This head signif-
icantly adds to the overall width of the vertical stroke. Thus, we cannot apply
a very strict requirement to criterion 1. We need to remove the head, and then
consider the head-off slimness for the remainder. The head-off height should be

much more than its width.

Non-Symmetry: After the head-cutting process, a vertical stroke cannot have

horizontal bar(s) extending to both left and right.

Horizontal-bar limitation: A genuine vertical stroke has at most two horizontal
bars with a relatively short width, and such horizontal bars are always located

around the central part of the vertical stroke.

The following is the procedure we used to locate Korean-style vertical strokes.

Usually, Korean vertical strokes have a small slanted portion at the top and some

vertical strokes also contain one or two horizontal bars. These horizontal bars can be

located at the left or the right side of the vertical stroke. Some examples of IKorean

vertical strokes are shown in Figure 36.

s
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Figure 36: Korean text line illustrating different shapes of vertical strokes

In searching for the Korean long vertical strokes, we apply the following steps:

1.

For a text line, locate its 8-connected components.



2. Assume the connected component has height A and width w. We apply criteria
1 and 2 in comparing its height and width, and also determine its height relative

to the text-line height. If:

h/w > 2.2 and

. : (17)
h > 0.6 = textline_height

then go to step 3. otherwise this connected component is not a Korean vertical

stroke.

3. Due to the existence of the slanted portion at the top of Korean vertical strokes.
the ratio of the height to width of this vertical stroke is smaller than the one

with a simple vertical.

We apply criterion 3. The top portion, i.e. the top 1/8 of this connected
component is removed and the height to width ratio of the remainder is used to
determine whether it qualifies as a long vertical stroke without any horizontal
bars. If it does. then this ratio would be a large value (e.g. 5 — 7). Otherwise.
this component is not a Korean vertical stroke. or it may be a vertical stroke

containing one or two horizontal bars which needs further screening.

4. For those components with the top portion cut-off and are not qualified to be
Korean vertical strokes in step 3, we further check to see if they belong to
the vertical strokes containing one or two horizontal bars. The horizontal bars
of Korean vertical strokes cannot extend to both sides, and they should be

relatively short.

We apply criterion 4. As shown in Figure 37, two points are found when we use
the cutting line to remove the top 1/8 of the vertical stroke candidate. They
are the left and right most points of the vertical stroke candidate on the cutting
edge. From the cutting line, we draw a left stem line that extends a small
distance (1/2 of the distance between the two points) leftward beyond the left
point. Similarily we draw the right stem line from the cutting line right point.

These are tolerances to allow for small protrusions on the vertical stroke.

The rule is that a vertical stroke candidate (after removing the top portion) can
extend beyond at most one of the stem lines, because Korean vertical strokes

do not have horizontal bars on both sides.
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In this step, the vertical stroke candidate extending beyond both left and right

stem lines are eliminated. Otherwise, they will be further screened in step 5.

5. This step checks the number of horizontal bars belonging to the component.
From the previous step, we know at which side the bar is located. Here we count
the number of horizontal bars. If this number exceeds 2, then this component
is not a Korean stroke; otherwise this component is a Korean stroke containing

one or two horizontal bars.

horizontal bars "™ ~— top portion

OF = /E =

cutting line

1 —> : R .
left stem line :  =—  right stem line

cutting edge right point

cutting edge left point

horizontal bars extend rightward beyond right stem-line

Figure 37: Non-symmetry of Korean vertical stroke

Through experimentation, we have established that isolated longer vertical strokes

occur with greater frequency in Korean characters than in Katakana, Hiragana and

Kanji characters.
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4.4 Identification

4.4.1 Feature Vector Construction

We apply our feature extraction methods to each character cell. By counting the
frequency of occurrences of the above proposed features, we accumulate the total
frequencies of the complex structure, Korean “circle” and long vertical stroke in char-
acter cells. and obtain three values. The three values are then divided by the number
of character cells in the document and normalized to fall within the range of 0 to 100.
The three normalized values are then used as the document’s feature vector in the
identification stage. These features are denoted by C(complex structure), K(Korean

“circle”) and V(Korean vertical stroke), respectively, in the rest of this thesis.

4.4.2 Identification

We separate our images into training and testing sets. The training samples are ran-
domly selected. In our database. there are 190 Chinese, 94 Japanese and 164 Korean
document images. Of these, 76 Chinese, {5 Japanese and 58 Korean documents were
chosen as the training samples. Figure 38 shows the feature distributions of these
training samples, while Tables 6, 7 and 8 list the C, K, V values of Chinese, Japanese
and Korean training samples.

Classification of the test samples are performed by two methods: by using the
ranges of C, K and V values for the training sets, and by clustering. The results are
presented in the next section.

The K-means clustering algorithm is used to generate cluster centers. or codebooks

of the training data. Assume we want to generate M vector clusters:

1. Begin with one cluster with center at the centroid of the entire set of training

vectors.

o

Double the size of the cluster by splitting each current cluster center y,, accord-

ing to the rules:
Ya =¥n(l+6)
Yn =Y¥n(l = 6)

where n varies from 1 to the current number of clusters, and ¢ is a splitting

(18)

parameter, usually 0.01 < § < 0.05. In our case, 6 is chosen to be 0.02.
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Figure 38: Feature vectors of the three training sets
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Table 6: Feature vectors of Chinese training samples

No. | CI|K|V|No.|C|K|V
1. {23105 (|139. 1291 |1
2. 25|13 40. {29013
3. 1251106 41. 12911
4. 2511 (1) 42.129{0 1
5 1251115 (|1 43. 12921
6. 125102 | 44. 1291013
T. 12611 |21 45. {2923
S. 1262 |1 46. {290 | 2
9. {264 |1 47. (2925
10. {261 | 3 || 48. {300 |2
11. {26 ] 1 | 4 || 49. |30| 2|1
12. {2611 |2 50.[30(0]1
13. {261 |5 || 51.{30| 0|2
14. 12611 |41 52. {300 |1
15. {261 (4 }153. 130012
16. 12712 |5 54. 13010135
17. 12811 (Ol 35. {301 }]1
18. {281 [ 1] 56. 130114
19. 12810 |2 57.1301071]2
20. [ 2810 | 2§ 58. [31]1]2
21. (2810 | 4 || 59. |31 |11
2202811 |1 60.{31]2]2
23. ({28124 || 61.|31]1]2
24. |28 11 | 5 {1 62. {31 |13
25. 1281 |3 |163.131]|0 |4
26. |28 |1 |3 ||64. 32|01
27. 12812 12 (165 32|12
28. (2810 | 21 66. |32 211
20. 12810 | 2|1 67. 132|115
30. |28 |0 {1} 68. {3212
31. |28 13 |5 69.{32[01]2
3212811 (3| 70.13211]1
33. 128 |0 |3 || 71. 133|110
34 |28 2 |1 || 72. |34 |1 ]2
35. (281 [ 373 343 |1
36. |28 |0 |3 || 74. [34]0 |1
37. 12810 | 3 || 75. |34} 4|2
383. 12012 (4 76. 135|211

[
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Table 7: Feature vectors of Japanese training samples

No. C|I|K|V|No.|C|K|V
I. 1 9 |4 14|24 |13}14]3
2. 11012 (425 14315
3. [1012 (61|26 (141216
4. 11|23 || 27. |14} 1 5
5 (110213128 (14113
6. [12 12 429 |15|2 |4
7.0 1212 15430115213
S. | 1213 (3|31 {15]3}5
9. {1274 18|32 (15 3|4
10 (12121333 {1523
11. | 1214 |0 34. {15] 2|3
12011212 14135 (16212
13. 1121211 36. {16153
4. 11232 12 (1371162} 4
15, | 1213 (4 || 38. (1622
16. |12 2 {4 39. {172 | 4
17113 | 2 | 3 || 40. |17 2| 4
IS |13 |1 [ 3 || 41. (17| 3 | 4
19. 11313 [ 4 || 42 |17 2] 4
20 (13} 2 3 [ 43. |18 2 | 4
21, |13 | 3 |5 | 44. |18} 2 | 4
22, |13 |1 | 6145 21|15
23. |13 |13 | 4




Table 8: Feature vectors of Korean training samples

No. |CI| K|V {No.|C| K|V
1. 11221191 30. |3 |26]20
2. | 1|24 19 31. {3 |24}18
3. | 1|27 (19| 32. {3 24|16
4. |1 (251151 33. |3 }2119
5011125719 |1 34. | 312321
6. | 2122119 35 |[3]30]20
T. 1 2119|194 36. | 3[22]25
8 1212317 37.]13]25]20
9. | 2122|2038 |3 (22|19
10. | 2 (23|22} 39. |3 28|17
11. {2 (29|19 40. |3 |25 |15
12. | 2125 |22 41. | 3 |26 |27
13. 1212623 42. |3 |24 |17
4. ]2 126 |17 || 43. |3 11913
15. | 212015 44. | 3 |16 | 16
16. 12 124|191 45. | 41916
I7. {2 (23|14 || 46. | 4+ |22 |18
18. | 2121 [ 18] 47. | 4 (26 21
19. | 2 125 |17 || 48. | 4| 9 |24
20. | 3120|171 49. 4|26 |17
21. | 3126 (23| 50. |+ |24]16
22, [ 3122119 | 51. | 42020
23. 132319 52. {42320
24. 13122119 || 53. | 412921
25. 13125119 54. | 5|23 |17
26. | 3125|191 55. |5 |25)21
27. |3 124 |16 | 36. | 5|25 |18
28. |3 |20}16 | 57. |6 |16 | 20
29. | 312519 58. | 7|14 13
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3. The best set of centroids for the split clusters is obtained by the following

procedure:

(a) For each training vector X, assign it to the split cluster S; using the Eu-

clidean distance.

X € S;.if |X = C;(p)] < [X = Ci(p)|
for all i=1, 2, .... m, where m is the number of split clusters.
S;=set of samples whose cluster center is C;(p).

Ties in the above expression are resolved arbitrarily.

(b) Update centroids by using the training vectors assigned to each cluster.

(c) Compute the sum of the squared distances from all points in a cluster to

its cluster center.

(d) Repeat steps (a). (b) and (c) until the difference between the distances of

this iteration and the previous iteration falls below a preset threshold.
1. Iterate steps 2 and 3 until M vector clusters are generated.

In the splitting stage of the above clustering algorithm. one cluster is split into
two, hence the number of generated clusters would be a power of 2. Based on the
size of the training samples in our database and the results of some preliminary
experiments, we have generated 4 clusters for each of the three languages. Hence
altogether twelve centers are used to represent the training data. and they are listed
in Table 9. Shown in Figures 39. 40 and 41 are the training data and cluster centers of
Chinese, Japanese and Korean documents, respectively. The classification procedure
of a given testing sample is a full search through all the cluster centers to find the
“best” match. Assume there are M vector clusters with centers y,.1 < m < M, and
the sample vector to be classified is v. Then v will be assigned to the class of cluster
m™ if:

d(v,ym) < d(V.¥m)
1<m<M (19)

m# m”
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Table 9: Twelve cluster centers

Language C K \%
Chinese | 26.57 | 0.96 | 2.00
Chinese | 28.14 | 1.00 | 3.86
Chinese |30.24 | 0.62 | 1.67
Chinese |33.09 | 1.55 | 1.64

Japanese | 11.73 | 2.27 | 2.93

Japanese | 12.64 | 2.73 | 5.09

Japanese | 15.17 | 1.92 | 3.58

Japanese | 17.86 | 2.00 | 4.14
Korean 3.70 | 17.20 | 16.90

Korean 2.95 | 22.47 | 18.00
Korean 2.56 | 25.17 | 18.22
Korean 3.00 | 26.09 | 22.18
o
5~ o©
o
O: Chinese o0 ©
4 o) o
fox
¥ : cluster centers o 0 x

K c

Figure 39: Chinese training data and their cluster centers
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Figure 40: Japanese training data and their cluster centers



35T

304
o
o5 ] o, . O: Korean
0O % o *: cluster centers
20 - @ oo o o é’ o)

K 5 1

Figure 41: Korean training data and their cluster centers
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4.4.3 Rejection Criteria ,

A test sample is considered closest to the class of cluster m™ based on formula (19).
In addition, we compare the distances between the input and all other cluster centers
with the minimum distance. If the difference between the minimum and any other
distance is within a pre-defined value (in our case, we choose 0.2) and these two
clusters represent different classes, this input is rejected because it is close to two

different classes; otherwise the input is assigned to the class of cluster m™.

4.5 Experimental Results

At present, our differentiation of the three oriental language scripts is based on the
three proposed features extracted from one page of text. Each processed document
image should contain at least 200 character cells. otherwise we consider it does not

contain enough information to be identified.

4.5.1 Classification Results according to C, K, V values

Information from Tables 6. 7 and 3 indicates that INorean documents have “high”™ K
and V values. while Chinese and Japanese have different range of C values. Based on
the values of these three tables. we set the following rule to classify documents of the

three languages:
1. f K > 9 and V > 13. then it is identified as INorean; otherwise

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

reject.

Applying this rule to the testing data, we obtained the classification results shown in

Table 10, while the confusion matrix is given in Table 11.

4.5.2 Classification Results from Clustering

In an effort to improve classification results, we also used the clustering algorithm
described in Section 4.4.2. The classification results and confusion matrix are shown

in Tables 12 and 13 respectively.
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Table 10: Results of oriental language classification by using C, K and V values

Language # Samples Not processed Recognition (%) Error (%) Reject (%)

Chinese 114 1 94.69 4.43 0.88

Japanese 49 0 95.92 0.00 4.08

INorean 106 1 93.33 6.67 0.00
Table 11: Confusion matrix when using C, K and V values

Chinese | Japanese | korean | Reject
Chinese 107 5] 0 1
Japanese 0 47 0 2
Korean 0 T 98 0

Table 12: Results from clustering using C. K and V features

Language # Samples Not processed Recognition (%) Error (%) Reject (%)
114 1 94.69 4.43
49 0 97.96 0.00
106 1 97.14 1.91

Table 13: Confusion matrix 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
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Chinese docuements tend to be misclassified into Japanese when they are in Chi-
nese Kai font because the strokes in this font are smooth and do not touch each other.
which significantly reduces the number of complex structures. Korean documents are
difficult to recognize when “ellipses™ are used, because our Korean “circle” dectection
algorithm cannot handle this case when these “ellipses” resemble rectangles more

than Korean “circles”.

4.5.3 Comparison of Clustering Results from Using Two

Features

The above decision was made by using the combination of three features. Here we
compare the results by using only two features. The three sets of results generated by
different two-feature combinations are given in Tables 14, 16 and 18. The confusion
matrices are also shown in Tables 15, 17 and 19. In Table 14, it is shown that one
more Japanese document is misclassified into Chinese and several Korean documents
are rejected when the vertical stroke is not considered. When the complex structure
is not considered. the distinction between Chinese and Japanese becomes difficult
and the recognition rates of these two languages decrease. as shown in Table 16.
When the Korean -circle” feature is not considered. one more Japanese document
is misclassified as Korean and one more Chinese document is rejected, as seen from

Table 18. From the above results, we can draw the following conclusions:
e Complex structure is important for separating Japanese texts from Chinese.

e Long vertical stroke is important for differentiating Korean from Chinese and

Japanese texts.

e Korean “circle/ellipse” is necessary for the separation of Korean from Chinese

and Japanese texts.

4.5.4 Analysis of Results

When all three features are used in clustering, five Chinese testing samples are clas-
sified 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
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Table 14: Results of clustering from using C and K features

Language # Samples Not processed Recognition (%) Error (%) Reject (%)

Chinese 114 1 95.58 4.42 0.00
Japanese 49 0 95.92 2.04 2.04
Korean 106 1 93.33 1.90 4.76

Table 15: Confusion matrix from using C and K features

Chinese | Japanese | Korean | Reject
Chinese 108 5 0 0
Japanese 1 47 0 1
Korean 0 2 93 5)

Table 16: Results of clustering from using X and \ features

Language # Samples Not processed Recognition (%) Error (%) Reject (%)

Chinese 114 1 82.30 11.50 6.19
Japanese 49 0 44.90 26.53 28.57
Korean 106 1 97.14 1.90 0.95

Table 17: Confusion matrix from using IX and V features

Chinese | Japanese | Korean | Reject

Chinese 93 13 0 .
Japanese 13 22 0 14
Korean 0 2 102 1
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Table 18: Results of clustering from using C and V features

Language # Samples Not processed Recognition(%) Error (%) Reject (%)

Chinese 114 1 93.81 4.42 1.77
Japanese 49 0 97.96 2.04 0.00
KKorean 106 1 97.14 1.90 0.95

Table 19: Confusion matrix from using C and V features

Chinese | Japanese | Korean | Reject
Chinese 106 ) 0 2
Japanese 0 48 1 0
Korean 0 2 102 1

complex structures in this font, leading to the misclassification of these images into
Japanese. Figure 42 shows one such sample. The misclassification of the other sample
is due to poor quality and the existence of many broken strokes.

The Korean documents misclassified as Japanese are due to problems with the
IKorean “circle”. Most of the Korean “circles™ in these documents cannot be detected
by using our Korean “circle” extraction method. The ellipses in one document look
more like rectangles than Korean “circles”, as shown in Figure 43. For the other
document shown in Figure 44, if we carefully inspect the inner contours of the circles.
we can see that sharp turns exist, which significantly reduced the number of Korean

*circles”.
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FEZETHRT, BEHKRFEE, BE54
o BT 8, RIEZ-TFEAmL, vL, BT 49,
FeiAL f) DAEPL RAL? vh, HHHEBF— X
B FAET, 4arg)liTil, R—AiREre, EiE
HWeR F AR, kKXot hk TARRAEHT—
AR, R, X—F#HEXLTET,
FHag K Maip¥h &, IR eA B LR, &
0980 B iR, FpEAX R RPZER
B RKE, REELSLITFITH?

KatiE LT REMBEf—H T 495 LB
ZIPH ARG L, b ERTERIFTETE
ERREF—L T T AT EZERAT, HE
T, B EBEERFEL, CEEEX
PARTEILEZBILT A, 2EHFH: &, JL
AR E, BIre,

Figure 42: Some Chinese Characters in Kai Font
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a7ielE Pl xHEte! si2iHaXi2 Bttt QUof CISAIYS &iQIBL|Ct

I mpAxioll cHEt lAte, Foid, UBYES BOYXMER SIX] U# 2.
(B, 8ix] In3dae 22X ge s AIE SRER XY AY)

2. A2t EE AT EIJAYO] WYMUBAlNE EIATON PMBt0l XIMtol KM@
.

3. Aextel TiTiol BREE SAl FIEM ¢ Mol BOIMAM N # Post-
Doc. P14 XIHAIA 2oy HISIE AlROl UG ZPOE 2BML U o $uis
£ 2= @O H4X EQl0] MY HMYUXSR ALY

Figure 43: Korean document containing ellipses

g Ao olg JAL B A BTh $ENoE
Vel @ $RUEC] LAY Qi WiEe A 2
o $82¢ FUHT 4 197 00T 48 T o] 5
gFolehs A& VT BY, “$8 A& P F4A
A= U9l APl E Sk

4% olF A% $EU FREL 91T Y% 238
wrola itk AHEolA 48 Zoloh

ol g e} FRFolehs Aol FAUR AT,
St E £ /s Betsia) REHe oAl SR80 8

BHE ol 4 AZISY o] B3y R3S R

Figure 44: Korean document containing sharp turns in circles
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Chapter 5

Summary and Future Work

5.1 Summary

The automatic identification of the language used on documents is both useful and
necessary. especially when more and more documents are processed electronically.
However. language classification has never been as easy as might be imagined. Cur-
rently. no general solution exists for this problem. and much research is needed in
this area.

In this thesis. the work of differentiation is mainly focused on two aspects. For a
document printed in one of 24 languages. its language category (European or oriental)
is first determined. If it is in the oriental category. then its language is identified.

After numerous experiments with many new distinction features. we have discov-
ered good features that are well suited for the language-category classification and the
identification of oriental documents. They seem to be very effective and the results
are promising.

The following is a summary of this thesis:

In chapter 1, we discussed the general concepts of language identification and
surveyed related research, particularly the methods used by other researchers in the
areas of our work.

Chapter 2 briefly introduced the preprocessing techniques adopted to enhance the
quality of document images. The major steps are noise removal, and line segmenta-
tion. Preprocessing is important for the quality of the image to be used for subsequent

processing and classification.



Chapter 3 presented the differentiation between European and oriental languages.
Given more than 20 different European languages and 3 oriental ones, we have pro-
posed a set of new distinctive features including: horizontal projection profile, height
distribution histogram and enclosing structure of connected components. Experimen-
tal results indicate that these features are very effective.

In chapter 3, we also applied an existing method [Spi94] and demonstrated that
this method cannot satisfactorily distinguish the two language categories because our
European source contains Roman as well as Cyrillic scripts which was not the case
for [Spi94].

Chapter 4 discussed the identification of documents that belong to one of the three
major languages in the oriental language category: Chinese, Japanese and Korean.
Based on analyses as well as numerous experiementation on document images in
these three languages, we have established an approach to solve this problem. Our
method makes use of the complexity of structure, Korean “circle”™ and vertical stroke
statistics. K-means clustering algorithm is used to do the actual classification.

Chapter 5 outlines the major contributions of this thesis and summarizes our
effective work in European/oriental document differentiation and the identification
of documents in three oriental languages. The directions of possible future work are

also presented.

5.2 Main Contributions of the Thesis

The major contributions of this thesis are research and discovery of new distinctive
features, and applying these features to automatically classify electronically scanned
text documents.

Based on research results, several new features are proposed and proved to be
effective in language classification. Three of these features are applied to separate
European documents from Oriental ones, and another three are used to identify doc-
uments printed in Korean, Japanese and Chinese.

Experiments show our method achieved satisfactory results (over 90% correct

rate) when applied to seven hundred documents printed in more than 20 different

languages.



5.2.1 Contribution 1: New Features to Separate European

and Oriental Documents

Based on the study of the generalities of European scripts, the common characteris-
tics of the three oriental languages and the distinction between these two language
categories, we have extracted a few new distinctive features to differentiate documents

printed in European languages from those in oriental ones. They are:
e Horizontal projection profile,
e Height distribution of connected components, and
e Enclosing structure of connected components’ bounding box.

The goal of our features is to maximize the commonality of documents printed in
the same language category and maximize the difference among documents belonging

to different categories.

Experiments indicate such features are well-suited for this purpose.

5.2.2 Contribution 2: New Features to Identify Chinese,

Japanese and Korean Documents
The identification of the three oriental languages is quite difficult because they have
very large character sets and also the size of the character sets is still increasing.

By analyzing the visual characteristics of their characters, we have proposed a set
of distinctive features to identify such documents. These features try to capture the
differences between the characters that constitute the three languages. However. the
fact that Japanese documents contain Kanji characters greatly complicates the work.

Experimentation has been carried out with various features, with the conclusion

that the following features have been most effective:
e Complexity of structure,
e Korean “circles”, and
e Long vertical stroke.

Experiments also indicate the results are promising.
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5.3 Conclusion and Future Work

5.3.1 Conclusion

Language differentiation is a difficult on-going research topic. In this thesis, we pro-
posed our methods for the differentiation between European and oriental documents.
also for the identification of documents in three major oriental languages.

The new features and method used are proven to be effective and appropriate
based on the test results of over seven hundred text documents printed in 24 different
languages.

Our method has the following advantages:

e It works quite well in the processing of “mixed” documents containing a mixture
of both language groups (which are quite common in technical documents).
provided that the non-host language(s) content does not exceed the limit of
about 20% of the whole document. Other researchers have not reported their

results on this aspect.

e Our method has been developed to handle documents that might be written in
any of 24 different languages. For example, our method works well on Cyrillic
documents that do not possess the same characteristics as documents in Roman

languages. Most existing methods do not handle so many languages.

e Our classification results are based on statistical features, hence it is not very
vulnerable to noise. broken characters or touching components. This makes it

robust for practical use.

However. our Korean circle detection method cannot separate Korean circles from
ellipses and hence the recognition rate will decrease when ellipses are used in certain
Korean fonts. Also, for the Chinese Kai font, the complex structure is not easy to

detect as the strokes of this font are smooth and non-touching.

5.3.2 Future Work

Based on the work we have carried out and described in this thesis, future study can

proceed in the following directions:



e As pointed out previously, our method of separating European documents from
oriental ones is fairly robust, but errors tend to occur in the “mixed” documents
when more than 20% of the considered components are in another language.
Using more than one unit of 50-components would reduce the probability of en-
countering unusual occurrences of highly mixed scripts in a document [LDS9S].
But when such occurrences are common within the document, multilingual OCR

would be more appropriate.

e The algorithm for detecting complexity of structure is affected by certain Chi-
nese character font, e.g. Kai font. As the strokes in this font are smooth and do
not touch each other, fewer complex structures can be detected using our current
method on this font. Searching for a new way of detecting complex structures

in such fonts would increase the recognition rate of Chinese documents.

o The high frequency of “circle” components in Korean documents is used in our
method to distinguish them from the other two languages. However, accurately
determining a “circle” is not trivial, because these “circles” often are not re-
ally circles but close to “ellipses”, “rectangles” or other shapes. In addition.
the coarse micro-appearance (as opposed to the smooth macro-appearance to
human eves) makes the detection algorithm very complex and less effective.
Discovering a better way to identify those “circles” would definitely improve

the recognition performance of Norean documents.
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