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Abstract

Because of the different characteristics of Arabic language and Ro-
mance and Anglo Saxon languages, recognition of documents written in
hybrid of these languages requires that the language of the text to be identi-
fied priori to the recognition phase. In this paper, three efficient techniques
that can be used to discriminate between text written in Arabic script and
text written in English script are presented and evaluated. These tech-
niques addresses the language identification problem on the word level
and on textline level. The characteristics of horizontal projection profiles
aswell as runlength histograms for text written in both languages are the
basic features underlying these techniques. Solving this problem is very
important in building bilingual document image analysis systems which
are capable of processing documents containing hybrid Arabic/Romance
and Anglo Saxon languages.

1. Introduction

The development of multi-lingual document image anal-
ysis systems has become an important task with many ap-
plications recently. Thereis abig need for systemsthat are
capabl e of handling documentswith different languages. In
the early 90s, several document analysis systems have ap-
peared that are able to handle single language documents.
There is a big need these days to expand document anal-
ysis systems to handle multi-lingual documents. In order
to develop such systems we have to solve the problem of
language identification.

This paper addresses the problem of language identifi-
cation for documents printed in hybrid Arabic/English lan-
guages. Because of the many differences between Arabic
and English text styles, character recognition methods dif-
fer in the way they handle text in these two languages. For
example, Arabic is written from right to left while English
is written from left to right. Also, Arabic text is cursive,
i.e., characters are connected within each word and so Ara-
bic OCR systems have an explicit or implicit sesgmentation
phase to segment words into characterg[1, 2, 3]. In con-
trast English characters are isolated and need no segmen-
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tation unless if we consider the problem of touching char-
acters due to low print quality [13, 6, 8]. Because of these
basic differences, different approaches have been used by
researchers for the OCR process for both languages. This
makesit essential to identify the language priori to the OCR
phase. Even if the same technique is used for solving the
OCR problem, asin [3], till language identification priori
to the OCR phase has the advantage of limiting the search
space for the character recognition problem.

Multi lingual document analysis has many applications.
one of the important applications is postal automation
where envelops have lines of different languages specially
inthe case of international mail. Alsoindigital libraries ap-
plications, technical journals and newspapers always have
multi-lingual environment specialy if the basic language of
the document is not English. For example, in almost all
technical journals and magazinesthat are written in Arabic,
there are many words that are written in English as in fig-
ure 1. multi-lingua environment may aso found in other
documents such as maps and forms.

Language I dentification prior to OCR has received some
attention recently. In [10] multi-channel Gabor filtering is
used to extract rotation invariant texture features that are
used to identify the language of text blocks. In [9] features
related to upward concavitiesin character structure are used
to discriminate between two broad classes: western scripts
and oriental (Korean, Japanese, Chinese) scripts. Differ-
ent features were used to discriminate between languagesin
each of these classes. In [5] a combined analysis of severa
discriminating statistical featuresis used to discriminate be-
tween European and oriental language scripts.

In this paper, three techniquesfor languageidentification
perior to OCR phase for hybrid Arabic-English documents
are presented. These techniques may be generalized to in-
clude al other Romance and Anglo Saxon languages in-
stead of only English and other languages that uses Arabic
scripts such as Persian and Urdo. Although we emphasis
on technical documents and magazines in the experiments,
these techniques can be used in other document analysis ap-



plications.

The organization of the paper is as follow: Section 2 in-
troduces the document analysis environment that we used.
Section 3 presents three techniques for solving the identi-
fication problem. In section 4, experimental evaluation re-
sults of the proposed techniques are shown.
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Figure 1. Examples of hybrid Arabic-English
language environment

2. Document Analysis Environment

The problem that we are concerned about in this paper
can be described as follows: Given animage of aword or a
collection of words in one text line, how can we determine
what languageit iswritten in prior to solving the OCR prob-
lem provided that it iswritten in one language. We consider
the case of documentswritten in hybrid Arabic/English en-
vironment as those in figure 1. The proposed techniques are
part of our research bilingual (Arabic/English) document
analysis system.

The approach that is used for document analysis affects
the technique used for language identification. There are
two basic approaches for document analysis [4]; top down
approach and bottom up approach. In the top down ap-
proach, starting with the scanned page, the page is seg-
mented into large blocks which are then classified to text
blocks, Figures, tables, etc. Text blocks are then reseg-
mented into text lines and then into words and characters. In
the bottom up approach, black pixelsare groupedinto small
components (character size). These components are com-
bined to form words and then text lines and paragraphs. We
use a bottom up approach to analyze the document similar
to that used by Tsujimoto and Asada[11]. First, connected
component extraction is performed on the thresholded im-
age after horizontal smearing [4]. Connected components
are grouped together horizontally through a series of steps
to form atree structure of subwords, words, lines and para-
graphs. Languageidentificationis performed on word level,

i.e., after extracting tokens corresponding to words, these
tokens are passed to alanguage identification processto la
bel them either Arabic or English.

The techniques proposed in section 3 are general enough
to solve the problem of Arabic/English language identifica-
tion on two levels:

e Textlinelevel: In this case, text lines are either written
in Arabic or in English. Consider, for example, postal
automation applications that handle international mail
where you can find complete text lines written in Ara-
bic or in English.

e Word level: We can call this case, hybrid Arabic-
Englishwriting. where the sametext line containsboth
Arabic and English words. This is the basic problem
that we are going to emphasize on.

Other document analysis applications require solving the
language identification problem on the page level or on the
paragraphlevel where pagesor paragraphsarewrittenin the
same language.

3. Techniques for Language | dentification
3.1. Horizontal Projection Profile

The black-count horizontal projection profile is a one-
dimensional integer-valued function f(y), where the value
of f isthe number of black pixelsin row y. Projection pro-
files have been used extensively in the field of document
analysis specially in skew removal [4] and for block classi-
fication [12]. Fig. 2illustrates some Arabic and English text
lines and their horizontal projection profiles.

As can be noticed from these figures, there are different
characteristics for the horizontal projection of each of the
two languages. Two basic characteristics are useful in dis-
criminating between the two languages:

e The horizontal projection profiles of Arabic text have
a single peak around the middle of the text line. This
peak correspondsto the baseline of the Arabic writing
where characters are connected together. In contrast,
projections of English text have two major peaks.

e The projections of Arabic text lines are smooth while
the projections of English text line have sharp jumps.

Two techniques are described and evaluated below to dis-
criminate between these two types of projection profiles.

3.1.1 Peak Detection

In this method the peaks in the horizontal projection profile
are detected. First the projection is normalized with respect
to the total length of the profile. Fig. 3 illustrates atypical
normalized profilefor atypical Arabic and Englishtext line.
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Figure 2. On the left, sample Arabic text lines and their horizontal projection profiles. On the right,
sample English text lines and their horizontal projection profiles.
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Figure 3. The normalized projection profiles
(a) atypical normalized profile for Arabic text
line. (b) a typical normalized profile for En-
glish text line. The numbers present the ratio
of the height to the total length. The total
length is 1. g, and y; are the top and bottom
of the text line

The profiles are smoothed by convolution with a Gaussian
kernel. Peaks that have heights more than certain thresh-
old are counted and there location are considered. Here we
explicitly utilize the first observation about horizontal pro-
jection profiles characteristics as was mentioned above, that
is, projectionsof Arabictext lines haveasingle pesk around
the middle of the line while projections of English text lines
have two peaks, onein the upper half of theline and onein
the lower half.

According to the experimental results that will be shown
in section 4, a simple technique as peak detection gives ex-
cellent results in case of text line-level language identifi-
cation. In contrast it gives lower performance in case of
word-level language identification. That is because in the

latter case, a word's projection does not preserve the char-
acteristic of peaksas completetext linesdo. A singleword's
profile is aways sensitive to the charactersin the word spe-
cialy if theword istoo short in length and have small num-
ber of characters.

3.1.2 Useof Moments

As mentioned before, the horizontal projection profile rep-
resents the accumulated runlength in the horizontal direc-
tion. Thistechniqueis based on finding the moments of the
horizontal projection profile and use them asfeaturesin dis-
criminating between Arabic and English text. The moments
inthe dimensionlessform are used to avoid variationsin the
heights of the profile due to variationsin text line length.

Let f(y) to bethe height of the horizontal projection pro-
file a row y where y:0p <y < Ypottom- then the rth mo-
ment about the mean is

Yto 7
yt:Zbottom (f(y) B h)T
Yvottom — Ytop +1

where
yeor f()

B — Y=Ybottom
Yvottom — Ytop +1

the rth moment in the dimensionlessform is

my my
o = M _
T s T (Yma)T

where s = ,/ms is the standard deviation. Sincem; = 0
andmy = s>, wehavea; = 0,a, = 1.

Fig. 4 illustrates the values of the third, forth and fifth
moments for a group of Arabic and English text lines with
different length. The moments in the case of English text
lines tends to be smaller than those of Arabic text lines. A
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Figure 4. Values of the third, forth and fifth moments for some Arabic and English text lines

two layer feed forward neural network is used as a classi-
fier in this problem. The input to the network is the three
moments mg, mq, ms, i.€., €ach input node is a continuous
valued input. Four nodes are used in the hidden layer and
two nodes for the output (Arabic/English). The back prop-
agation [7] agorithmis used to train the network. The back
propagation training algorithm is an iterative gradient algo-
rithm designed to minimize the mean square error between
the actual output and the desired output.

According to the experimental results that will be shown
in section 4, The moment method gives excellent perfor-
mancein both the case of textline-level language identifica-
tion and the case of word-level language identification.

3.2. Runlength Histogram

In this method each runlength, (z , z., y), where z; and
z. arethe start and the end points of the runlengthand y is
its horizontal location, is mapped to a pair (loc, len) where
loc is the normalized vertical location with respect to the
height of the textline and len isthe normalized length, i.e.,

I Y=
oc =

Yo — Yt

Te — Ts
len =

Yo — Yt

The distribution of runlengths over the 2-D location-length
space is a very discriminating feature to discriminate Ara
bic and English text. Figure 5 shows an example for the
2-D location-length plot for runlengths of an Arabic and an
English text line. The 2-D histogram of the runlengths in
a given text line is constructed by dividing the (loc, len)
space horizontally and vertically into bins and the count of
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Figure 5. Runlength location-length 2-D plots.
(a) for a typical Arabic text line. (b) for a typi-
cal English text line.

the runlengthsin each bin is calculated. We used 8x8 bins
for the histogram and the histogram is then normalized. A
two layer feed forward neural network is used as a classi-
fier. The input layer contains 64 nodes taking as an input
the histogram normalized bin count. We used 10 hidden
nodes and 2 output nodes. The segmoid function is used as
output activation function for the output and hidden nodes.
The network istrained using the backpropagation algorithm
with text lines and words of various length.

4. Experimental Results

The suggested methods for language identification are
tested and evaluated using sample documents. The testing



were performed on both textline-level and word-level in or-
der to enable us to evaluate the performance of each tech-
nique.

In the Experiments, three sets of documents were used.
The first set contains Arabic documents from 4 different
Arabic magazines and also contains pages written using
word processors and printed on laser printer. This variety
of sources in the Arabic set is to ensure the existence of
variety of fonts and sizes in the sample. The second set
of documents contains English documents from 2 different
magazines (IEEE computer and |EEE JSAC.) The third set
contains documents with hybrid environment (mixed Ara-
bic and English text) some of them from Arabic magazines
that contains English text and some of them were prepared
using a word processor and printed on laser printer. All
the documents were scanned with resolution 300 dpi and
processed to separate text lines and words that are units of
evaluations. The first and second sets were used to obtain
training samples for Arabic and English text respectively,
The training set contains about 12,000 text lines of various
lengths ranging from very short wordsto full text lines.

For textline-level evaluation, 816 Arabic textlines and
1160 English textlines of variouslengthswere used as atest
set. Table 1 shows the results obtained for each of the tech-
niques described in section 3 evaluated on text line level.
For word-level evaluation, 8320 words (4168 Arabic and
4152 English) were used as a test set. Table 2 shows the
results obtained for each of the techniques described in sec-
tion 3 evaluated on word level. As can be noticed from the
results in both cases, the three techniques give good results
in the case of textline level language identification. How-
ever, the runlength histogram is the most robust in the case
of word level language identification.

[ Textline-L evel Language Identification |
Language [ Samples | Hit [ Miss | Rafio |

[ Method [
Peak Arabic 816 775 41 95%
Detection English 1160 1089 71 93.9%
Moments Arabic 816 800 16 98%
English 1160 1156 4 99.7%
Runlength Arabic 816 798 18 97.8%
Histogram | English 1160 1143 17 98.5%

Table 1. Results for textline-level language
identification

[ Word-L evel Language I dentification |
[ Method T Language [ Samples | Hit [ Miss | Ratio |

Peak Arabic 4168 2876 | 1292 69%
Detection English 4152 3155 977 76%
Moments Arabic 4168 3856 312 92.5%
English 4152 3852 300 92.8%
Runlength Arabic 4168 4006 162 96.1%
Histogram English 4152 4019 133 96.8%

Table 2. Results for word-level language iden-
tification

5. Conclusion

We presented three simple and efficient techniques to
discriminate between words and text lines written in Arabic
and English. The three techniques utilize the different char-
acteristics of Arabic and English text. The characteristics of
the horizonta projection profiles as well as runlength his-
tograms are used as features for the classification. We pre-
sented an approach based on detecting the peaksin the hor-
izontal projection profile. We presented another approach
based on the moments of the profiles using neural networks
for classification. Finally, we presented an approach based
on classifying runlength histogram using neura networks.
We achieved a correct classification of 99.7% for text line
level language identification and 96.8% for word level lan-
guage identification.
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