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ABSTRACT

Most of Arabic handwriting recognition in the lisgure has focused only on recognizing offline sciapd

few of research take online case. So it's stilams as an active area of research. however iheréack

of studies in terms of recognizing Arab characterspecially on the online cases. The process of
handwriting recognition faces a lot of challengésgture extraction is the most important problem in
character recognition. The main theme of this papeew feature extraction method employed inranli
Arabic character recognition. An Arabic charactecagnition handwritten system cannot be successful,
without using suitable feature extraction metholts.this work we have proposed the hybrid Edge
Direction Matrixes and geometrical feature extmttimethod for on-line handwritten Arabic character
recognition system. In addition, horizontal andtieat projection profile, and.aplacian filterhave been
used in the preprocessing phaBke training and testing of the online handwritregognition system was
conducted using our dataset; we have used 840¢besdiom different writers, 504 characters foirireg,

and 336 characters for testing. The evaluation w@sducted on state of the art methods in the
classification phase. The results have revealetlttieaproposed method gives best recognition rate f
character category.

Keywords: Online Recognition, Arabic Character, Geometricatafure, Edge Direction Matrixes,
Classification.

1. INTRODUCTION technique; otherwise they will yield very poor

Character recognition is a process engulfed with r(,gcog_nltlon rates. Furthermore, most of eX|s'F|ng
lot of challenges; feature extraction is the modchniques use only one feature of a handwritten

important problem in character recognition. Thé&haracter.

performance of character recognition Iargelyl_ , . . .

) . _ he main problem is encountered, while dealing
depends on, two main decisions such as: the featyfgn arabic characters written by different persons
extraction approach and the classification schemgiere the writers represent the same character
Feature extraction is a crucial part of charactedifferently in terms of size and shape. This
recognition. It greatly affects the recognitionvariation is due to the individuality of the person
accuracy, if the features are not suitable for e Who write the script, apart from the mood and
[12]. As mentioned in the literature [2]-[3], the situation of the writer [4]. The existence of ‘dats

. . : Arabic is the other problem that provokes the
feature extraction plays an important role in th%ifﬁculty of recognition process, the single, déeib
overall process of handwriting recognition. Manyg, triple dots can be placed above or below the

feature extraction techniques [2][3][5][6][7][8][9] letter body. It is common that, Arabic letters have
have been proposed to improve overall recognitiosame body, but will differ in dots, which helpeth

rates; however, most of them depend on the sizeaders to identify those characters. Thereforis, it
and slope of handwriting characters. They requirlé'tal to recognize aII the component edges and dots
very accurate resizing, slant correction procedure in a character. This work has three main steps such
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as: preprocessing, feature extraction an&ecently [4] have presented approach for on-line
classification (see figure?2). Arabic handwritten characters recognition. This
approach has utilized structural features and
This research focuses on a new feature extractiaecision tree learning techniques and has three
technique, which uses several features of phases: First, the user writes the character on an
character and combines them to create a hybrakclusive window on the screen, and then the
features extraction. The remainder of this papesoordinates of the pixels forming the character is
consists is organized as follows: the section twacquired and saved in a special array. Second, a
elucidates the proposed technique; the discussidwounding box of 5x5 is drawn around the character,
and analysis of the experimental results arand the five features are drawn out from the
presented in section three; ultimately the sectiocharacter, which is used in step three for
four presents the conclusion and suggestions #r thecognizing the character using a decision tree

future research. learning techniques. This approach has been tested
on a set of 1400 different characters, writtenday t
2. RELATED WORKS users. Each user wrote the 28 Arabic charactees fiv

times, in order and the approach has achieved about
In the past, several researches have been done7&% recognition rate. [15] has proposed an
solve the problem of Arabic character recognitionapproach for online Arabic handwriting characters
Various methods have been proposed based on tteeognition. This approach has been based on
global feature extraction approach, of them, th&t fi decision tree and matching algorithm to learn the
and foremost was proposed by [7]. They havsetroke direction of the Arabic character. In this
developed the approach, by hybridizing statisticadpproach a dataset collected for handwriting
analyses of edge pixels relationships wittsamples has been used as training set, and tested o
geometrical relationship, and tested on Arabia set of 140 different characters written by five
calligraphy script image, for optical font users, each user wrote 28 characters randomly. This
recognition application. Later Naeimizaghiani [14]approach has achieved 97% recognition rate.
have presented an enhanced feature extraction
method, which is a combination of two selecte®. THE ARABIC SCRIPT
feature extraction techniques of Gray Level Co
occurrence Matrix (GLCM) and Edge DirectionArabic alphabets consist of 28 characters. The form
Matrixes (EDMS) for character recognition systemef the character is based on its location within a

The dataset of images that has been applied to thg g |n Arabic text, the script alphabet where the
different feature extraction techniques includes th

binary character with different sizes. This methoguccesswe Iette.rs ”?] a Y\{ord are connected to each
was compared with GLCM and EDMS method other by a baseline is utilized. As reported before
after performing the feature selection with neuraiouse the baseline, the Arabic alphabet takes the
network, bayes network and decision tredollowing form: isolated, initial, medial and final
classifiers. Amin &.Singh [2], and Amirj .[3] have But many letters in the alphabet hardly ever stick
presented a technique for the recognizing Arabighis rule and posses various forms for the medial

Word§ and C.hinese charact.ers, Wit_h the C4.3,4 final shapes. When one of these non-linked
machine learning system. This technique has thef~| o . .

. R ' characters is implicated in a word, the preceding
following steps: digitization, pre-processing faatu

extraction, and classification. Mapping for theletter considers it as final (or isolated) formdahe
recognition of on-line handwritten characters wa&0n-joiner assumes it as initial (or isolated) form
proposed by Khorsheed (Khorsheed 2003). Thisee table 1). In addition, most of Arabic letters
mapping creates the same output pattern, apart frafave same body but will differ in dots, which are
of the orientation, position, and size of the inpuhelpful to identify them [1]. In this work we have

pattern._ApduIIah et al. [12] _have presented, 3bcused on the isolated character shape.
automatic license plate detection system, based on

image processing and clustering. Enhanced

. . . Tablel. The Arabic Isolated Characters
geometrical feature topological analysis has bee

used as the feature extraction technique, whilel No Dots| One Dot Tow Dots Three Dats
support vector machine has been applied as the ! < o <
classification technique. z z ] S

> c ¢
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4. THE OCR STRUCTURE
(a) (b)

The proposed system consist the following
steps: Figure2. (A) Horizontal Projection And (B) Vertical

Projection Profiles For & Character

Input Acquisition

l 4.1.2 Laplacian Filter
Pre-processing A Laplacian filter forms another basis for edge
(Projection Profile (V. H), Laplacian filter) detection methods. A Laplacian filter is used to
l compute the second derivatives of an image, which
measures the rate at which the first derivatives
Proposed Features Extraction change. This helps to determine the changes in

Geometrical and EDMS adjacent pixel values in an edge.

Structural Features (Homogeneity, Edge Regularity)

Kernels of Laplacian filters, usually contain
negative values in a cross pattern (similar tous pl

l sign), which is centered within the array. The
corners are either zero or positive values. The

classification center value can be either negative or positivee Th

NN and Decision Tree following array figure 3 is an example of a 3 X 3

kernel for a Laplacian filter.

Figure.1 OCR System Structure
1 1 1
4.1 Preprocessing
To recognize Arabic characters, the preprocessing 1 8 1
stages should be applied before the recognition
stage. In this work, the preprocessing stage ireslv 1 1 1

in finding the vertical and horizontal projection
profile, using the Laplacian filter.

4.1.1 Horizontal and Vertical Projection Profile
Projection profile has been widely used inI
detecting lines and words[11]. So, the horizont
projection profile is computed to determine th

edges that in turn will determine the shape o nd it is also effective to solve salt and pepper

character and the dots above or below the charact%ise. The figure 4(a) shows the original character

The_ pr(_)posed a_lgorithm uses horizo_ntal and verticglnd the figure 4(b) shows a character after apglyin
{3hr01e<f:t|otns prof:(le fron:hdlﬁerer_\t riglons, t(]z_lemt fLaplacian filter. It represents the final result of
e features from the projection profiles o preprocessing.

character (see figure 2).

Figure3. A 3 By 3 Kernel For A Laplacian Filter

this research we have applied Laplacian filter
ith 3x3 kernel matrix (Figure 3), because, it is a
owerful technique to detect edges in all direction

e Horizontal profile: sum of black pixels
perpendicular to the x axis
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Episeson In the first order relationship, initially, the 3x*®ige

direction matrix (EDM1) was created as shown in
) figure 5(b). Each cell in EDM1 contains a position
/ within 0 until 315 degree value. Secondly, the
T relationship is determined of the scoped pixehmm t
edlge image ledge (x,y) by calculating the number
of occurrence for each value in EDM1.
() (b)

The Algorithm

Figure 4. (A) Original Character (B) Filtered Imadgy _
Laplacian With 3x3 Kernel Matrixes For each pixel in ledge (x,y)

If led ,Y) is black pixel at centire
4.2 The Proposed Feature Extraction edge (x.y) is black pixel at centeen

Increase number of occurrence at EDM1 (2,2) by 1.
In this research two combinational types of feaiureIf ledge (x+1,y) is black pixel af@hen
are used as follows: '

Increase number of occurrence at EDM1 (2,3) by 1.

4.2.1 EDMS Features If ledge (x+1,y1) is black pixel at 45then

To extract the features of Arabic character|ncrease number of occurrence at EDM1 (1,3) by 1.
statistical analysis technique presented by usi - :

edge direction matrixes (EDMS) has been used [9]9 ledge (x,y1) is black pixel at 90then

Eight neighboring kernel matrices have beetncrease number of occurrence at EDM1 (1,2) by 1.
applied and associated with each pixel, according
their two neighboring pixels. A relationship ha
been established between the scoped pixel, S(x, )crease number of occurrence at EDM1 (1,1) by 1.
and their neighboring pixels as depicted in figure
5(a). The eight pixels are used to transform th ' . . L
encompassing into the position values as shov@n;heef':jé;ierv\:ﬁ:]at'tsv%w"?);eeIZ‘Cth'rxe;)lgme as
figure 5(b). Based on the previous illustrationis th 9 P ’ p'e,

method has been introduced, depending on tV\?Ohown figure 6(a) the scoped pixel presents 180°

perspectives, such as: Finding the first ordep” X2 and 45° for X1. This means that, each pixel

relationship, and finding the second Ordepresentstwo relationships in (EDM1).
relationship.

Sﬁf ledge (x1,y-1) is black pixel at 13%hen

90

X1

1 2 3 ¢ % N 1 2 1

* < 180

180 7 11 7 o

Lol y1) | o(xy-1) | (x+1,y-1)

(a) 225 270 315

(b)

21 ely) | oSty | (+L,)

order angle value
3 (x-1, y+1) (x, y+1) (x+1, y+1) : 120 Z
@ e
1 2 3 6 225 1
1 135 90 45 T
2 180 S(;_Oped 0 Figure 6. (A) The Two Neighboring Pixels, (B) Thig&
pixel Image And Its EDM1, (C) The Order Of The Angle’s
3 295 270 315 Importance
_ b In the second order relationship, each pixel has
Figure 5. (A) The Eight Neighboring Pixels, And lBle  heen presented by one relationship only. Firstly th
Direction Angles Of The Neighboring Pixels 3x3 edge direction matrix (EDM2) has been

created. Secondly, the relationship importance for
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Edge (x, y) has been determined by sorting thé.2.2 Geometrical And Structural Features

values in EDM1 descending order as shown inTo extract the features of Arabic character, ag wel

Figure 6(b) and (c) respectively. We have taken thes EDMS feature, we have used geometrical

most important relationship of the scoped pixel ifeatures see figure7. Five features have been

Edge(x, y) by calculating the number ofapplied such as: width and the highest of horidonta

occurrences for each value in EDM2. Theand vertical base, width of dot, number

relationship orders must follow as follows:- of occurrence in (H, V) projection and comparison
between the two parts of projection profile.

a. If more than one angle has the same number

of occurrences, then the smaller angle i Total left viscgmentpixel Letter with one part
selected first. No: of occnrrence Total right_v segment pixel /
Hprojecnon \ / v pro_|ecnon
b. Next, the reversal angle is selected '°'f°"°ﬂ x \
subsequently. . '
The algorithm of the second order of EDM2
relationship is as follows:
The Algorithm Steps H pro_|ect10n Lsttenwith two:pats

Step 1: Sort descendingly the relationships ita-width up bas Total pixel up part

EDMl( X, y) \ T Hloh Hprolccnon
Step 2: For each pixel in ledge(X, y), \ ; ,
Step 3: If ledge(x, y) is a black pixel then k J

Step 4: Find the available relationships betwee ;

H-Width down base R- H1Zh Total p1\el down part

two neigbouring pixels,
Step 5: Compare the relationship values between  rig,re7. Geometrical And Structural Features

two available relationships, o
4.3 Normalization

Step 6: Increase number of occurrence at the telatRormalization is a process that changes the range
cell in EDM2( x, y). of pixel intensity values. Data transformation such
as, normalization may improve the accuracy and

efficiency of classifiers, like neural networks,dan
Lastly, several features from the EDM1 and EDMZjecision tree classifiers. A lot of methods are
values are presented. Some features have be@railable for data normalization including, min-
summarized by calculating their homogeneity an¢ghax normalization, z-score normalization and
edges regularity as follows: normalization by decimal scaling. Such methods
provide better results, if the data to be analyzed
Edges Regularityé) = EDM2 (x, y) / EDM2 (2, have been normalized, that is, scaled to specific
2) ranges such as, [0.0,1.0]. An attribute is nornedliz
by scaling its values; so that, they fall within a
where 6 represents HO°, H45°, H90° and H135°small-specified range, such as, 0.0 to 1.0. In this
0* presents 0°, 45°, 90°, 135°,180°, 225°, research the normalization has been applied on
dataset for NN and decision tree classifier. The
1- Homogeneity: This feature represents thenormalization has been calculated based on the
percentages of each direction, to all availabléollowing equation:
directions in the edge character as follows:
Homogeneity §) =EDM1(x, y)/EEDM1(x, y, _ Value-Max
y)) Min—Max
2- Edges RegularityThis feature represents each(l)
real direction in EDM2, to the number of

scoped pixels in the edge image as follows: Where, V is the output value, the value is the

current input value, and Max and Min are the

e ——
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maximum value and the minimum value in theThe dataset has been split into training and tgstin
range of all input values subsequently. datasets. In this experiment, the training datéset
determined from percentages between 60% and
5. EXPERIMENTAL RESULTS 70%. Based on the experimental results, the

proposed method has obtained higher accuracy
In these experiments the performance of theates than EDMS and Naeimizaghiani  feature
proposed feature extraction has been evaluated bytraction methods in all experiments. Different
comparing it with different methods of featurepercentages of training and testing data sets have
extraction that have been used in OCR. The Eddmen tested to determine the best performance.
Direction matrixes (EDMS) method and theBased on the results, a decision tree with a 60%
Naeimizaghiani [14] method are used. Thes#aining dataset has obtained the best performance
methods were used in these experiments, because EDMS was 68.5%. While, the best performance
they have been used in OCR. Based on thef Naeimizaghiani method was 79.8% in 62%
literature review, Naeimizaghiani is based orraining dataset with decision tree classifier. As
hybrid of GLCM and EDMs. The GLCM and shown in Table 2 and Figure 8, the proposed
EDMs are among the best statistical global featurfeature extraction method achieves highest
extraction methods that have been applied iperformance with the 61% training dataset with
document images. They have been used in mamgural network about 98.85%, as shown in table 2.
document analysis techniques, such as, in OFR [Based on the results shown in Figure 7, it is noted
and language identification [16], writer that the proposed has method obtained the highest
identification[17]. To find the best performanceet performance than of EDMS and Naeimizaghiani
decision tree and multilayer neural networlfeature extraction method in all experiments. Table
classifiers were applied. 3 presents the standard deviation for the resilts o
five experiments for the EDMS, Naeimizaghiani
[14] and the proposed methods, using decision tree
classifier and using Arabic characters dataset with
61% training. The proposed method has obtained a
standard deviation of (0.4), which was lower than
the EDMS method about 6.0, and Naeimizaghiani
method about (2.14). Therefore, the features of the
proposed method are more effective than the other
methods.

Table 2. The classification results of the EDMSydixizaghiani et al. 2011)
and proposed method from 60% to 70% splitting eftthining dataset
and the classification results of neural networld atecision tree.

isi isi Decision tree/
decision NN/ decision | iy SRR NNY(Naeimizaghia
oroposed | PrOPOsed | £pyie EDMS (Nae|mt|ze|1)gh|an|. ni et al)
eta

60% 93.85 97.76 68.5 59.9 79.3 71
61% 96.55 98.85 65.2 62.7 79.4 72.4
62% 95.2 97.6 64.3 59 79.8 72
63% 96.4 96.4 65.7 65 79 67
64% 97.5 98.7 66.4 61.3 77 70.2
65% 94.9 97.4 64.4 64.6 76.76 73.6
66% 94.74 97.36 63.4 61 77.5 72.82
67% 96 99 68 61 79 71
68% 97.2 97.2 65.8 63.1 76.9 72.3
69% 94.2 95.7 65.3 68.6 77.2 69.7
70% 97 97 66.3 63.8 76 70.37
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Figure 8. The Classification Results Of The EDM&aB&h Et Al(Bataineh Et Al. 2011), Naeimizaghiani
(Naeimizaghiani Et Al. 2011) And Proposed Methodm#60% To 70% Splitting Of The Training Dataset
And The Classification Results Of Neural Networkl Pecision Tree.

Table 3. The Standard Deviation

Std. EDMS (Na§|m|zagh| Proposed
dev. ani et al.)
6 2.14 0.4

6. CONCLUSION [1]
The main aim proposed in this work was to apply
hybrid Edge Direction Matrixes and geometrical
feature extraction method for on-line handwritten
Arabic character recognition system, to improve th
accuracy rate. This had been achieved by a set 1]
steps. This work consists of three main phases: In
the pre-processing phase, the Arabic character had
been pre-processed based on the common pﬁgj
processing methods, such as: vertical and horizon
projection profile and Laplacian filter. In the faee
extraction phase, theGeometrical and EDMS
features had been proposed. In the recogniti
phase, we had applied two classification techniqu s]
such as: the NN and decision tree. Based on the
results obtained, it had proved that the proposed
method had produced the best accuracy rat
compared with the EDMS and Naeimizaghian ]
methods after [6]

applied on NN and decision tree classifier. the
proposed approach had produced about 96.7%
accuracy rate.
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