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investigated this strategy until now. In [3], the authors
propose a handwriting recognition system of various
scripts such as Latin, Devanagari, and Kanji. In [4] the
authors propose an OCR system able to read two
Indian language scripts: Bangla and Devanagari. In the
same spirit in [6] the authors investigate the
recognition of keywords in oriental printed scripts. In
[5] the authors propose a unified approach to deal with
various printed scripts.
To the best of our knowledge, no multi-script
recognition system has been proposed for Arabic and
Latin handwritten scripts. In this context, we propose a
unified approach for multi-script handwritten word
recognition. As we want the approach to be script
independent, the system proceeds without explicit
segmentation of handwriting into graphemes. This is
because explicit segmentation methods generally rely
on script specific rules to find segmentation points.
According to the proposed strategy it is therefore
mandatory that the system can operate on low level
frame features such as directional, contour or pixel
densities. In order to achieve good discriminative
power of such low level features, the proposed
approach is based on the multi-stream paradigm [7, 8]
that provides a promising way of combining individual
feature streams. In [7], we have tested our handwriting
recognition system on two different scripts and
significant results have been reported comparable to
the best results reported in the literature. In this paper,
we extend this previous work by proposing a mutlilingual recognition system. The input images are fed to
the recognizer that provides an ordered list of words
belonging to the multi-lingual lexicon. The system
shows interesting performances for both the
recognition of handwritten words us well us script
identification.
The paper is organized as follows: section 2
describes some specificities of Arabic script. Section 3
describes the multi-stream modeling of the multi-script
handwriting used for this study. In section 4, the multi-

Abstract
Generally, handwritten word recognition systems
use script specific methodologies. In this paper, we
present a unified approach for multi-lingual
recognition of alphabetic scripts. The proposed system
operates independently of the nature of the script using
the multi-stream paradigm. The experiments have been
carried out on a multi-script database composed of
Arabic and Latin handwritten words from the
IFN/ENIT and the IRONOFF public databases and
show interesting recognition performances with only
1.5% of script confusion and an overall word
recognition rate of 84.5% using a multi-script lexicon
of 1142 words.

1. Introduction
In today’s business world, Latin script is mostly
used, but with the increasing communication between
the different world communities more scripts are
getting integrated into information systems. In recent
years various handwriting recognition systems have
been developed for the recognition of different scripts
(Latin, Arabic, Indian, Chinese …). In the case of
multi-lingual documents, where handwritten scripts are
present in several different languages on the same
document, the combination of multiple systems has
been envisaged. Generally, document contents are first
classified according to the type of script before a
specific script dependant system is applied to recognize
textual information [1, 2]. Following this framework,
multi-script recognition systems cumulate the
complexity of each individual recognition system.
Some other approaches propose a unified
recognition framework able to deal with multi-script
handwriting. Such systems do not use any script
specific methodology and therefore appear to be more
general and applicable to a wider range of multilingual applications. However, few works have
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script recognition scheme is presented and the different
stages are described. Section 5 shows the experimental
results of the proposed approach and discusses the
results. Conclusion and the future works follow in
section 6.

script recognition system. These advantages are mainly
due to automatic training of character models on nonsegmented words (embedded training), and the
segmentation-free recognition paradigm that fits
particularly well to a multi-script approach.
In order to model the Latin characters, we built 26
uppercase character models and 26 lowercase character
models. In the case of Arabic characters, we built up to
159 character models. An Arabic character may
actually have different shapes according to its position
within the word. Other models are specified with
additional marks such as “shadda”.
In both Latin and Arabic script, each character is
modeled by a 2-stream HMM. These are later
dynamically composed to word-HMMs.
Each character-HMM is composed of 4 emitting
states. The observations probabilities are modeled with
Gaussian Mixtures (3 per state).
The training step on the multi-script recognition
system is achieved independently for each script.
Embedded training is used where all character models
are trained in parallel using Baum-Welch algorithm
applied on word examples.
The multi-script recognition scheme is presented as
following.

2. Arabic script
The Arabic script is written from right to left, and
includes 28 basic letters. Words are segmented into
PAWs, “parts of Arabic words”, each consisting of a
group of letters. A word is composed of one or more
PAWs (Fig. 1). There is no difference between upper
and lower case characters. The character shape is
context sensitive, i.e. it depends on its position within a
word. For instance, letter  غhas 4 different shapes:

‘’ﺑﻠﻮغ,
‘ ’ﻧﻐﻢand

isolated ‘ ’غas in

‘’ﻏﺮوب,
‘’ﻧﺒﻎ. Some

beginning as in

middle as in
end as in
combinations of two or three letters have special
shapes called “ligatures”, they work exactly as Latin
ligatures such as œ and æ.

4. The recognition scheme for multiple
scripts

Figure 1: One Arabic script example with 2
PAWs

Apart from character shapes difference, Latin and
Arabic script also differ from their writing direction.
Our aim is to propose a unified multi-script recognition
system working similarly on Arabic and Latin words.
For this reason, features vectors are extracted
according to a single direction for both scripts (left to
right) and a lexical string inversion is applied to
consider the inverted writing direction of the Arabic
script. Doing this way, our system will process Arabic
word in the opposite of their natural reading direction.
We describe in Figure 3 the different stages of our
multi-script recognition system. In the first step, preprocessing is applied to the word image. The next step
is the feature extraction where two types of features are
considered: (i) contour based features and (ii) density
based features. The last step is the recognition during
which the HMM models are simultaneously decoded
according to the multi-stream formalism. The system
output is a ranked list of the words producing the best
likelihood on the input image. These steps are detailed
in the subsequent sections.

3. Multi-script modeling
The proposed system is based on a multi-stream
framework providing a convenient formalism to
combine several information sources, namely feature
streams, using cooperative hidden Markov models
(HMM) (see Figure 2).

Figure 2 : Example of a multi-stream HMM with
2 streams and 4 states in each character
model.
An HMM based framework offers several
advantages allowing us to propose a unified multi1197
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Figure 3: The multi-script recognition system description

Preprocessings are applied to word images in order
to eliminate noise and to simplify the procedure of
feature extraction. It is worth noticing that these
preprocessings are script independent.

has proved to be discriminative for off-Line
handwriting recognition, especially for Latin script.
The second one is based on foreground (black) pixel
densities and is detailed in [10]. So that, each word
image is represented by two script independent feature
streams.



4.3. Multi-stream decoding

4.1. Preprocessing




Normalization: In an ideal model of handwriting, a
word is supposed to be written horizontally and
with ascenders and descenders aligned along the
vertical direction. In real data, such conditions are
rarely respected. We use slant and slope correction
so as to normalize the word image.
Contour smoothing: Smoothing eliminates small
blobs on the contour.
Base line detection: Our approach uses the
algorithm described in [9] based on the horizontal
projection curve that is computed with respect to
the horizontal pixel density (see Figure 4).
Baseline position is used to extract baseline
dependent features that emphasize the presence of
descenders and ascenders.

The multi-stream paradigm is to model
independently each stream between two predetermined synchronization points, using multiple
single-stream HMMs (two in this study). The
synchronization states are the character boundaries (see
Figure 2). Decoding based on this integration method
would require the computation of the best state
sequence for both streams verifying the synchronous
recombination rule at the same time. To avoid the
computation of two best state paths, the model can be
formulated as a composite or product HMM (see
Figure 5) where each state is built by merging a Ktuple of states from the K stream HMMs (here, K=2).
The topology of this composite model is defined so
as to represent all possible state paths given the initial
HMM topologies. Decoding under such a model
requires computing a single best path using the well
known Viterbi decoding algorithm.
In this model, the observation log-likelihood
conditioned on a composite state a-A, that is composed
of the stream states a and A respectively, is computed
using a weighted sum of log-likelihood by:

Figure 4 : Baseline detection

4.2. Feature extraction

log P(X 1 (t), X 2 (t)| a - A) = ω log P1 + (1- ω) log P2

In order to build the feature vector sequence, the
image is divided into vertical overlapping windows or
frames. The sliding window is shifted along the word
image left to right and a feature vector is computed for
each frame position. Two feature sets are used in this
work. The first one is based on directional density
features and is described in [7]. This kind of features

where P1 = P(X1(t)|a) et P2 = P(X2(t)| A)
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X 1 (t) (similarly X 2 (t)) is the observation vector
corresponding to stream 1 (similarly stream 2) and ω
the reliability of stream 1 ( 0 ≤ ω ≤ 1 ).

The obtained results are better on the Latin script
than the Arabic script; this can be explained by the fact
that Latin words belong to a smaller lexicon.

The transition probabilities of the product HMM are
derived from the transition probabilities of the 2 single
stream HMMs assuming independence of the models
between 2 recombination states. For example,

Table 1: The multi-script recognition system
performances %

P(a - B | a - A) = P1 (a | a)× P2 (B | A)

Tests

TOP
1

2

5

10

Test 1

84.5

90.5

94.6

96.3

Test 2

80.2

88

93.4

95.2

Test 3

88.8

93

95.8

97.4

To analyze these results, we present in table 2 the
script confusion rate of the multi-script recognizer. We
define the Latin confusion rate (similarly Arabic
confusion rate) by the percentage of Latin words that
have been identified as Arabic words (similarly the
percentage of Arabic words that have been identified
as Latin words). The multi-script confusion rate is the
sum of the Arabic and the Latin confusion rates.
Figure 5 : The product (composite) HMM.

Table 2: The script confusion rate % of the
multi-script recognition system

5. Experiments and results

Confusion
rates
Multiscript

To evaluate the performance of our recognition
system, experiments have been conducted on a multiscript database constructed from the IFN/ENIT
database [11] of Arabic words and the IRONOFF
database [12] of Latin words. The training steps are
carried out separately for each script. The Arabic
models are trained on the 4 sets (a,b,c,d) of the
IFN/ENIT database. A training dataset of 24,177 word
images is used in the case of Latin script. The mutliscript recognition system is tested on a multi-script
database composed of 1000 Arabic words (from set e
of the IFN/ENIT database) and 1000 Latin words
(from the test set of IRONOFF database). The multiscript lexicon size is 1142 words (946 Arabic words
and 196 Latin words).

TOP
1

2

5

10

1.5

3.7

7.4

11.8

Arabic

0.3

0.3

0.6

0.8

Latin

1.2

3.4

6.8

11

The results of table 2 show that the multi-script
recognition system identifies correctly the script of
most of the test images. The confusion rate is only
1.5% on Top 1. Some confusion cases are reported in
table 3. Images 1 and 3 are confused because the words
“treize” and “Island” are written with tow PAWs. The
confusion can be explained by the presence of loops
and descenders as in images 1, 2 and 3. The confusion
in images 4, 5 and 6 is not very understandable;
possibly, this can be explained by the bad quality of
the writing.

Table 1 shows experimental results of our multiscript recognition system on 3 tests: 1) using the multiscript test database; 2) using only the Arabic words of
the multi-script test database; 3) using only the Latin
words of the multi-script test database.
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