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Abstract

Computers with the capability of identifying lan-
guages printed in documents have many applica-
tions including document classification, language
understanding, information compression and re-
itieval. Each language exhibits certain types of vi-
sual appearances. This paper briefly describes the
problem of identifying languages using their visual
properties. It then focuses on the identification of
three major oriental languages based on the extrac-
tion of such visual cues as complexity, density, lines,
curvatures and circles. A new feature based on con-
four density has been proposed. Encouraging re-
sults will be presented.

1 Introduction

undreds of languages exist today [1, 2]. It would
lave been much easier for humans to communicate
with each other if every person knows all these lan-
guages, or if there is only one language in this world.
Ao, very few human beings know many languages
other than their mother tongue. Indeed it takes a
ong time to acquire a second language. Then, with
avances in computers and computation, we may
6k whether it is possible for us to teach the com-
liter to understand different languages and have it
lanslate an unknown language into a known one
0us. This concept seems quite simple, but it will
ake an immense effort to do so. Actually, machine
anslation is still far from perfect and much human
lietvention is required to translate one language to
iother. Hence it is difficult to understand a doc-
ment if it is not printed in the language we are
amiliar with. However, one can still take up the
allenge of trying to teach the computer to under-
and different languages step by step, e.g. by first
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digitizing the document, identifying the language of
the print, and then trying to read and understand
it. And if a language can be identified by the com-
puter, several interesting operations are possible,
e.g. the classification of the document, and pursuit
of reading and understanding the print for informa-
tion compression, classification, and retrieval, plus
many other applications in document processing.

During the past few years, several studies have
already been made on the identification of both Eu-
ropean and Asian languages, and very interesting
results have been generated [3, 4, 5, 6]. They have
used visual cues such as letter and word shapes
[3, 5], horizontal projection profiles [4, 6], upward
and downward concavities [4], optical density [3, 4],
and distribution of connected components and their
sizes [6].

This paper attempts to introduce the subject of
language identification by computer, and describe
how visual cues such as density and curvature fea-
tures can be used effectively to identify languages
printed on documents. Due to the limitation of
space, this paper will be confined to the study of
oriental languages only, viz. Chinese, Japanese, and
Korean. These languages are actually related, and
they are the most widely used in the Pacific Rim
[7]. A brief introduction about them will be given
in the beginning.

2 Characteristics of Oriental
Languages

Many oriental languages (scripts) have very dif-
ferent characteristics from occidental ones. Espe-
cially Chinese script is unique, and there exist many
scripts influenced by Chinese in nearby countries [2].
In this paper, the authors pay attention to Chinese,
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Japanese and Korean because of their popularity
and the vast number of documents written in these
three languages.

In China, although several languages are actu-
ally used, Chinese is the national language, and
is written mainly in Chinese characters, which are
ideograms. It is believed that there are about 55,000
Chinese characters, while only about 3,000 — 4,000
are used daily [7]. Some of them are very complex;
the average number of strokes of the traditional
characters is approximately 10. Nowadays, simpli-
fied Chinese characters are used in China, while the
traditional form is still used in Taiwan and Hong
Kong.

In Japan, Japanese is the official language and is
written in Kanji and two sets of Japanese Kanas
(Hiragana and Katakana). Kanji, which means
Hanzi in Chinese, came from China in the ancient
times, and many characters still take the same shape
as Chinese ones, while there also exist Japanese
original Kanji characters. Kana characters are
pure syllabaries, obtained by simplifying some Kanji
characters; their average number of strokes is 2 or
3. Hiragana is a cursive script which is used to-
gether with Kanji, while Katakana is an angular
script which is used for loanwords and emphasis.
Each set contains approximately 80 characters. It
is said that in usual Japanese texts about 50% is
occupied by Hiragana and about 30 — 40 % is by
Kanji.

In Korea, Korean is the official language and is
written in Hangul (Korean script). In South Ko-
rea, traditional Chinese characters can also be used
with Hangul. Hangul is the unique script where
two or three syllabic elements are combined; basi-
cally there are 14 consonant and 10 vowel elements.
Therefore there exist thousands of Hangul charac-
ters.

Chinese, Japanese and Korean languages can be
written either in vertical columns which shift from
right to left or in horizontal rows. Of course, some-
times alphanumerics are also used in their texts.

3 Language Identification of
Oriental Documents

3.1 Visual Cues

Figure 1 shows examples of document images of the
three oriental languages, which exhibit some differ-
ences among them. At first, Chinese characters in-
cluding Japanese Kanji have various complexities:
their stroke numbers range from 1 to about 30.
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(a) Chinese (simplified)

FEITITERDEXRED TV HER
T, BAPECOFELERT AHEICHE,
EDED REREFIRATE 0P ERELRE
Bo FORR, \HEEZSEIXEZDORFMRE
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(b) Japanese

ZaA Lo doprt &
o AHAE 2| Utk L
ob7} &L o]fi ugAH M&
Oz PAe] F oljte] koEd
A7) HRolgty oy WA
A gzez F UA/nE =
Hokryt 1ol 2 FAAM 84
o] el Foz By ZA

zZro ko] MEZ) AT 3§
o]9H(Haifa)e o1&t #38 =
Aolo #19 &Foltt 3dtelde
o] Ze] AT IA|AFTY olHi e

(c) Korean

Figure 1: Example of document images



However, generally traditional Chinese characters
are slightly more complex than Kanji, while sim-
plified Chinese characters are a little simpler than
Kanji. Korean characters (Hangul) are not so sim-
ple, but on the average less complex than simplified
Chinese characters. Japanese Kana characters are
simpler than Hangul.

Next, the oriental characters contain many
straight lines and curves, especially Hangul char-
acters which contain many simple lines and cir-
des. Japanese Kana, especially Hiragana charac-
ters include many intermediate curves, while Chi-
nese characters also have a few.

3.2 Identification Methods

In the past several years, some identification meth-
ods including identification among oriental lan-
guages have been proposed. They can be classified
info two main approaches [6]: searching for specific
tokens [8] and using statistical information [3, 4].
The former approach can be used for specific clas-
sification, because it does not need many character
images for identification, while there is a problem
that it needs a large database to extract enough spe-
dfic tokens and large memory space to store them;
for example about 500 KB for 4,000 templates. On
the other hand, the latter tends to be used for gross
tassification, because it needs many character im-
ages to get enough statistics, while it has the merit
of not needing much computational time and space.
In this paper, the authors use the statistical ap-
proach, and investigate its effectiveness. Based on
visual cues of the oriental languages, complexity
(density) and curvature features are expected to be
effective for identification.

3.3 Density Feature

Spitz [3] proposed a method using optical density to
thssify oriental languages (scripts). In this method,
adocument image is first segmented into character
tells, within each such cell the number of ‘on’ pix-
€l is counted as an optical density. Spitz’s optical
density D1; of the i-th cell is defined as follows:

B;

Dlji==—=— l:
Hyo)W; @

there B; is the number of ‘on’ pixels in the é-th cell,
i is the width of the i-th cell, and Hpiy is the
leight of the line to which the i-th cell belongs. He
lowed that histograms of optical density when ap-
lied to Chinese, Japanese and Korean documents
low characteristically different distributions: Chi-
igse has only one significant mode while Japanese
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and Korean have two modes; in addition the low
density mode is greater than the high density in
Japanese while the low density mode is smaller than
the high density in Korean. And he showed that
these three languages can be classified by applying
linear discriminant analysis (LDA) to the multivari-
ate data generated from the specific areas of distri-
butions.

However, Spitz’s optical density is influenced by
stroke width. In addition, Spitz’s method assumes
that the inter-character spacing is so large as a char-
acter splitting process is not needed. Lee et al. [4]
also pointed out these problems. They modified
Spitz’s method slightly; at first a document image
1s segmented into square cells after all white gaps
(inter-character spaces) are eliminated, then within
each square cell, a density is calculated as the frac-
tion of its area that is black, multiplied by the aver-
age number of runs per cell computed over the page.
They showed that Chinese and Japanese documents
can be classified using the mean and variance of
the density. However, there are problems that Lee’s
density is still influenced by stroke width, and it
uses the average number of runs that cannot be cal-
culated in each cell. In addition, Lee’s segmentation
method makes densities insensitive, because adjoin-
ing complex and simple characters are mixed into
a cell. Density features depend on character seg-
mentation, therefore the characters should be seg-
mented almost successfully, because complexities in
oriental languages change considerably from char-
acter to character.

Optical densities are influenced by stroke width,
while those extracted from thinned images are in-
sensitive to stroke width. However, since thinning
process usually needs much time, the authors pro-
pose contour density of the original image, which
is calculated as the fraction of its area that is on
contour, and can be used instead of optical density
of a thinned image. The contour density D2; of the
i-th cell is defined below:

Ci
D2 = ——— 2

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

3.4 Curvature Feature

In the continuous case, curvature can be defined
exactly. However, in the case of digital images, it
is difficult to calculate curvatures exactly because
successive angles can only differ by a multiple of
45 degrees. Many curvature extraction methods for



digital images have been proposed [9], based on the
deviative of tangent orientation, the norm of the
second deviative of the path, or the inverse of the
radius of the osculating circle.

Rosenfeld and Kak [10] defined the k-curvature
based on the deviative of tangent orientation. For
the digital arc S = po, ..., Pn—1, the left and right k-
slopes of S at p; are defined as the directions from
pi—k to p; and p; to piyx respectively, where k > 1.
And the k-curvature of S at p; is defined as the dif-
ference between the left and right k-slopes. The k-
curvature (and k-slope) can take on angular values;
a curvature on a straight line is 0. In this method,
how to choose the factor k is difficult. The factor &
controls the locality of the angle; if k is too small,
the angle is influenced by digital quantization, while
if k is too large, the angle is far from the real cur-
vature.

By using the k-curvature, straight lines and
curves can be detected. In addition, to detect cir-
cles, the authors propose to use only inner contours
for curvature extraction. If an inner contour is a
circle, only constant curvatures are extracted.

In addition, curvature has a merit that character
segmentation is not required, while it is needed to
extract density. However, curvature is dependent
on character sizes, therefore characters have to be
normalized to the same height.

4 Experimental Results

4.1 Database

In the experiments, 6 Chinese, 6 Japanese and 6
Korean document images were used (Fig. 1). They
were scanned from books, newspapers and maga-
zines. From an image, two areas which include
about 200 characters respectively were cut out,
therefore for each language about 2,400 character
images were used. The data include some alphanu-
merics, but the proportion is very small.

4.2 Preprocessing

Document images have been binarized. The prepro-
cessing includes text line segmentation, deskewing
and normalization. At first, text lines and their
skew angle are estimated. After noises are removed
by a median filter [11], text lines are estimated using
the constrained run length algorithm (CRLA) [12].
The constrained parameters in CRLA, which de-
pend on the sizes of characters and spaces, are esti-
mated from the average height of connecting blocks.
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Small lines containing fewer than 50 pixels are ne-
glected. A skew angle for each line is estimated
based on the least moment of inertia [11] respec-
tively. An average skew angle for lines is calculated
as the weighted mean of the estimated skew angles
of lines in an area. Next, text lines are segmented
from the original images based on the information
of the text line estimation. The segmented lines are
rotated based on the estimated average skew angle
for lines. Finally, the deskewed lines are normalized
as differences between the upper and lower lines be-
come a constant height of 64 pixels, where they are
estimated from the histograms of upper and lower
bounds of connecting blocks (Fig. 2).

upper line

lower line

Figure 2: Normalization of the height of a line of :
characters

4.3 Character Segmentation

When density features are used, text lines are seg-
mented into character cells. In this paper, merge
and split techniques are used for character segmen- h
tation. At first, connecting blocks are extracted. -
Then small blocks whose widths are smaller than
amH are merged to adjacent blocks respectively,
where H is the height of the line and a, is a param-
eter (0.5 in this paper) that controls merging. The -
adjacent block of a merged block is selected when
its width after the merge is smaller than the other’s.
After all widths of blocks became larger than ap,H, ;l
large blocks whose widths are larger than a,H split B
into several blocks with widths smaller than a,H,
where a, is a parameter (1.0 in this paper) that con- -
trols the maximum width. A splitting point is de- -
termined based on the projection histogram, where
its projection value is the smallest in the range of
amH and as,H. After all widths of blocks became -
smaller than a,H, finally small blocks whose widths
are smaller than a,H are neglected, where a, isa
parameter (0.1 in this paper) that controls the min-
imum width. The left blocks are character cells for
feature extraction. )

For the experiment data, all text lines were seg
mented successfully, and most (about 90%) charac-
ters were segmented correctly (Fig. 3).




Figure 3: Examples of character segmentation

44 Comparison of Density Distribu-
tions

Figure 4 shows density distributions for the three
oriental languages based on Spitz’s optical density.
The three languages seem to be identifiable us-
ing the mean values. However, this result is dif-
ferent from expected. For example, Japanese im-
ages do not have large densities like Chinese in
Fig. 4, while Japanese actually includes complex
characters. This is caused by stroke width; in
this database Japanese images have narrow strokes,
while Chinese images have wider strokes. Since Ko-
rean images have several ranges of stroke width,
their density distributions are not stable (Fig.
4(d)). Especially, the distribution of data “Ko-
1ean007.0” is largely different from those of the oth-
ers, because this image has wide stroke width. As a
result, since the optical densities are influenced by
stroke width, their distributions are not stable in a
language for various document images.

Figure 5 shows density distributions for the three
oriental languages based on the contour density,
and they seem to be reasonable. For example, the
Japanese distribution has two main modes for Kana
and Kanji; Kana characters are simpler than Hangul
and simplified Chinese, and some Kanji characters
are more complex than simplified Chinese. In ad-
dition, the density distributions for Korean images
are stable (Fig. 5(d)). As a result, since the con-
tour density is insensitive to stroke width, their dis-
tributions are stable in a language, independent of
images. It is considered that the oriental languages
can be identified in some cases by contour density;
especially Japanese seems to be identified, however
it is difficult to identify them solely by density fea-
tures (complexities) like contour density.

Populations
0.12

Chinese ——
Jopanese -

0 5 10 15 2 % 30 £ 40 45 50
Optical density xB4

(a) Average

i
0 5 10 15 20 % 30 3 40 45 50
Optical density xB4

(b) Chinese data

Populat ions
0.16

15 20 -3 30 kS 40 45 50
Optical density x64

(c) Japanese data

Populations
0.16

0.14

0.12

4
0 5 10 15 20 % 30 kS 40 45 50
Optical density x64

(d) Korean data

Figure 4: Distributions of optical density D1



gty 4.5 Comparison of Curvature Distri-

e 2 butions

Korean -=—

Figure 6 shows curvature distributions for the three -
oriental languages using Rosenfeld’s k-curvature
(k = 8). In this case, the distributions seem to be -
very similar to each other. However the population
with a curvature of 0 (straight) for Korean charac-
/ ters seems to be larger than those for the others.
R E s e T When k = 8, populations with a curvature of 0 for -

g tiae oy Korean data are over 0.15, while most of those for -
the others are under 0.15. However, they are in-
fluenced by jagged lines. This can be improved by |

0.04

0.02

(a) Average

Sumnd smoothing lines or by extracting curvatures more
Chinese006_0 =—
s globally. |
S Next, Figure 7 shows the results when curvatures
e ol | are calculated at those points on the inner contours -
i only. In this case, the distribution of Korean lan-
i guage is different from the others, because circles
that can be seen frequently in Korean characters
are emphasized by using only inner contours. When -
, W . k = 8, most distributions for Korean data have
e R s e peaks whose populations are over 0.06 in the range
; of curvature between 0.37 and 0.47 (Fig. 7(d)).
s (b) Chinese data However, some distributions for Korean data do not
018 have clear peaks in this range. For example, the

populations of data “Korean007-0” are low in this
range, because this image has wide strokes so that
inner circles become smaller. This can be improved
by thinning. However, many characters are needed
to extract enough statistics, therefore these distni-
butions may be a little unstable. As a result, Ko-

rean is considered to be identified by detecting both -
straight lines and circles. \

It seems to be difficult to classify Chinese and
Japanese by curvature feature alone. In Fig. 6,
(c) Japanese data small differences can be seen around a curvature

Populaiors of 0.17 (18 degree); Japanese data have a little
Koroantet 0 - larger populations than Chinese ones. However this
is not considered to be enough to classify them.
Since Chinese characters including Japanese Kanji
are complex, many intermediate angles are detected
around corners and jagged lines. Therefore, if char-
acters consist of only straight lines, non-zero cur-
vatures may exist. To remove or decrease these
pseudo-curvatures, some methods can be consid-
ered. For example, pseudo-curvatures around cor- '
e PN T P P g e AR e ners can be neglected by detecting corners, and"
Comour dansity 12 pseudo-curvatures from jagged lines can be reduced

(d) Korean data by extracting curvatures more globally.

Figure 5: Distributions of contour density D2
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(a) Average
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(b) Chinese data
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(c) Japanese data
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(d) Korean data

Figure 6: Distributions of curvatures (k = 8)
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(b) Chinese data

0.8 1
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(c) Japanese data
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Curvaturelrad) / pi

(d) Korean data

Figure 7: Distributions of curvatures on inner con-

tours (k = 8)
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5 Conclusions

In this paper, based on visual cues, oriental lan-
guage identification has been investigated using
complexity (density) and curvature features. The
optical density is influenced by stroke width so that
its distributions are not stable. Then a new feature
contour density is proposed which is insensitive to
stroke width, therefore its distributions are stable
against document quality. Through experiments, it
has been shown that Japanese has distributions a
little different from Chinese and Korean. However,
it seems to be difficult to identify all three oriental
languages using only density features.

In addition, using Rosenfeld’s k-curvature, it has
been shown that Korean can be identified by de-
tecting straight lines and circles. Using only inner
contours, curvatures of circles are especially empha-
sized. However curvature distributions for Chinese
and Japanese are very similar to each other. It is
considered that oriental languages can be identified
using both density and curvature features.
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