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Abstract

In this paper, we propose a novel method for extract-
ing a set of baseline-independent features, which are
based on the combination of global and local informa-
tion. A HMM-based recognition system is developed
with 161 models that include a space model and a blank
model. All of the models are trained using the standard
Baum-Welch Algorithm with the state-tying technique,
and are then decoded using the Viterbi Algorithm. Ex-
periments are conducted on the benchmark IFN/ENIT
database. Results show that our proposed features can
make good use of the relationship between adjacen-
t characters and are sufficiently robust, especially when
characters are shifted up or down and when the hand-
writing width varies.

1. Introduction

Though Optical Character Recognition (OCR) tech-
nology is developing rapidly nowadays, offline Arabic
handwriting recognition is always an open problem in
pattern recognition, mainly due to the cursive nature
of Arabic words, the variations in shape and size, and
the existence of dots and diacritical marks. As ligatures
and overlaps often occur within a word, Arabic words
are usually split into one or more sub-words, which are
called Pieces of Arabic Words (PAWs). In the Arabic
alphabet, there are 28 basic characters, whose shapes
depend on their position in the words or sub-words.
Specifically, 22 characters have four shapes, respective-
ly corresponding to the beginning, the middle, the end
of the words and the isolate words, while others just
have the end form and the isolate form. What’s more,
the diacritical marks which indicate a double consonant
or a different sound, and the dots which indicate vowels,

can often be found in handwritten manuscripts [1]. All
factors but not only mentioned above make the Arabic
handwriting recognition problem very challenging and
complex.

In Arabic words, the connection between adjacen-
t characters forms a baseline [1], which does not really
exist but is important for Arabic word recognition. If
the position of the baseline is detected precisely, we can
not only obtain the distribution of ”descenders” and ”as-
cenders”, which are the portions of characters extending
below or above the primary body respectively, but also
estimate the angle of inclination, which can be used for
skew correction. A lot of research has focused on base-
line estimation, such as [2–6]. All the previous baseline
detection approaches usually cannot achieve satisfacto-
ry results when a word contains few characters or the
word length is too short. Therefore, in this paper, we
propose a set of features for Arabic characters, which
are independent of the baseline, and then apply them
into Arabic word recognition.

For word recognition, there are two basic strategies:
the analytical approach and the holistic one. In the for-
mer strategy, each word is segmented into a list of iden-
tifiable characters, while a word model is built for the
whole image in the latter one [3]. The Hidden Markov
Model (HMM) combines the advantages of both strate-
gies. In our work, a HMM-based recognition algorithm
is proposed based on a set of baseline-independent fea-
tures. Since Arabic words can be regarded as sequences
of characters, HMM builds a model for each character
without pre-segmentation, and then describes a word in
terms of the connection of the character models.

2. Pre-processing

Pre-processing is usually the first in pattern recogni-
tion. In our algorithm, we firstly perform height normal-
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ization operation so that the characters become more
consistent. Then, a blank image is connected to the left
and the right of the normalized image respectively, this
can achieve enhanced decoding [7]. After that, thinning
and contouring operations will take place.

3. Feature Extraction

The overall procedure of our proposed feature ex-
traction approach is shown in Fig. 1.

Figure 1. Procedure of pro-processing
and feature extraction for the proposed al-
gorithm

As we can see from Fig. 1, the sliding window ap-
proach is exploited for extracting features, which are
based on the combination of different pre-processed im-
ages. A sliding window, also called a ”frame”, is fixed
to a width of 9 pixels and is divided into 5 cells evenly
from top to bottom. The frame is shifted along the word
image from right to left, as shown in Fig. 2, with a fixed
step size resulting in a 2-pixel overlaps between succes-
sive frames. Then, 25 baseline-independent features are
extracted for each frame, combining both global and lo-
cal information. Let f denote a feature vector, and f (i)
represent the i-th feature. In the following two section-
s, the process of feature extraction will be described in
detail.

Figure 2. The sliding window

3.1. Global Features

Firstly, we shift a frame over a normalized image to
extract the number of 8-connected domains as the first
feature f (1).

Secondly, we calculate the y position of the gravi-
ty center of the foreground pixels in each frame. If the
frame contains no foreground pixels, define current y
as the same as the y position of the global gravity G.
Let f (2) be the difference between the y positions of the
gravity centers in the current frame and the previous one
[2]. Then, we calculate the peripheral features as illus-
trated in Fig. 3. The upper peripheral feature is the total
distance scanned downward pixel by pixel, from the top
of the frame border to where a stroke is met, and f (3)
is defined as the difference between the upper peripher-
al features of the current frame and the previous frame.
The lower peripheral feature and the corresponding f (4)
are defined in the same way. The features f (2), f (3),
and f (4) can make good use of the information between
neighboring frames, so they are robust enough when a
word image is shifted up or down.

(a) (b)

Figure 3. The upper peripheral feature (a)
and lower peripheral feature (b)

Thirdly, we get the stroke-images, which are com-
posed of small domains in the normalized images. Let
f (5) equal 0 if a frame in a stroke-image contains no
foreground pixels, otherwise 1. Furthermore, we have
found that many different word images have the same
primary body; the only difference between them is the
number of dots in them, as illustrated in Fig. 4. There-
fore, we extract the dots from a stroke-image to gener-
ate the corresponding dot-image, and let f (6) equal m if
there is a dot located in the m-th cell.

Figure 4. Different images that have same
primary body

3.2. Local Features

Salient feature points are important characteristics
that can be detected from the skeleton of a word im-
age. Therefore, our algorithm explores the number of
end points, fold points and junction points using a 3×3
masque to generate f (7), f (8) and f (9) respectively.

The concavity features are the features providing lo-
cal stroke directions within each frame, and they can be
detected in the contours of the normalized word images.
Based on [3], we further improve the detection of the

714



concavity features, and put forward eight 3×3 masques
for searching eight concavity types. Fig. 5 shows the
eight types of concavity configurations, where D indi-
cates the pixel can be either 0 or 1. The features f (10) to
f (17) represent the corresponding number of each type
in a frame.

Figure 5. Eight types of concavity config-
urations

Finally, we extract local distribution features from
the combined images of the skeleton and the contour.
An example of a combined image is shown in Fig. 6.

Figure 6. Combination of a skeleton and a
contour image

In a combined image, the number of foreground pix-
els in each cell is calculated as the features f (18) to
f (22). As the width of a frame is 9 pixels, we divide
each frame vertically into 3 sub-frames, and the features
f (23), f (23) and f (25) represent the corresponding num-
ber of foreground pixels in each sub-frame.

4. Training and Decoding

The training and decoding are conducted on a HMM-
based procedure using the HMM Toolkit (HTK). We
build 161 HMM models for the Arabic characters,
which are trained using the standard Baum-Welch Al-
gorithm, and decoded using the Viterbi Algorithm. As
shown in Fig. 7, each state in the HMM model has only
three transitions: the transition to itself, the transition to
the next state and the transition that skips the next state.
The 161 models contain 7 numeral models, 103 single-
character models, 38 models for characters with the di-
acritical mark ”Chadda”, 11 ligature-character models,
a space model and a blank model.

Due to the fact that not all of the characters we
choose have the same length, we set the number of s-
tates in each model according to whether there is a lig-
ature or not, rather than setting a fixed number in ad-

Figure 7. The HMM model

vance. In our algorithm, we employ 13 states for 2-
ligature characters, 15 states for 3-ligature characters, 3
states for the space model, 5 states for the blank model,
and 7 states for the single characters except the charac-
ter ”Alif”. The isolation and the ending of Alif is short-
er than level length of single characters, so we assign 5
states to Alif.

In particular, the length of the spacing between
PAWs is usually very short, therefore we use the state-
tying technique in order to detect spacing more accu-
rately. For the blank model and the space model, three
couples of states are tied, in order to enhance the decod-
ing of the space model. We also add an extra transition
from State 4 to State 2 to make the model more robust.
In addition, a direct transition from the entry to the exit
node has been added in case of shorter spacing that may
be ignored, as shown by the dotted lines in Fig. 8.

Figure 8. The state-tying HMM

5. Experiments and Results

We have conducted experiments on the benchmark
IFN/ENIT database to evaluate the performance of our
proposed method of feature extraction.

5.1. The IFN/ENIT database

The IFN/ENIT database has two versions, and the
latest one is the database in version 2.0 patch level le
(v2.0ple) which consists of 32492 Arabic words. The
words written are 937 Tunisian town/village names. In
the IFN/ENIT database, the quantity of words in dif-
ferent names varies greatly, and several mistakes can
be found in some images or ground truth files. What’s
more, several entries may exist in one name due to dif-
ferent writing styles. Therefore, we finally select a sub-
database according to the occurrence number of each
vocabulary entry in the whole database v2.0ple.
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5.2. The Experimental Results

Experiments are conducted on a sub-database which
is selected from the database v2.0ple. In the subset,
each vocabulary entry occurs more than 1 time. Com-
parison of the database v2.0ple and the sub-database is
tabulated in Table 1. It is worth mentioning that set
e is not built from the groups who contributed to the
database before.

Table 1. The database v2.0ple and the
sub-database

In order to demonstrate the superiority of our fea-
tures, we compare the results of our method in this pa-
per with those in article [2] and article [8], under the
same conditions. Meanwhile, we do some other exper-
iments to show the robustness of our features. The de-
tailed results are listed in Table 2.

Table 2. Experiments conducted on sub-
database

From Table 2, we can see the recognition rate of our
method is much higher than that of the other two meth-
ods. When training set contains a, b, c, d and test set
is one of them, the average recognition rate is above

95%. Though the writing style of set e is different from
the others, we can also obtain an exciting result when
test on set e.

6. Conclusion

In this paper, 25 baseline-independent features have
been proposed for offline Arabic handwriting recogni-
tion. The features emphasize the relationship between
adjacent characters, and are sufficiently robust when
characters are shifted up or down and when the hand-
writing width varies. In the next research, we will re-
rank the recognition outputs for further improvement.
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