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Abstract: Recognition of Arabic handwriting characters is a difficult task due to similar appearance of some
different characters. However, the selection of the method for feature extraction remains the most important step
for achieving high recognition accuracy. In this study, a novel method is provided to recognize handwritten
Arabic characters based on their features extraction and adaptive smoothing technique. In this study,
combination of two approaches will be mtroduce, one of them 1s feature selections methods and the other 15
adaptive smoothing techmque from smooth shape of character. Combination of both these approaches leads

to the better results.
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INTRODUCTION
In recent years, handwritten Arabic character
recognition (as more of other languages) has grabbed a
lot of attention as Arabic being primary official language
in more than 20 countries and has wide applications in
areas like passport, raillways, postal address reading, etc.
More than 200 million people speak this language as their
native speaking and over 1 billion people use it in several
religion-related activities.

In general, the character recognition procedure
consists of two steps feature extraction where each
character 1s represented as a feature wvector and
classification of the vectors mto a number of classes
(Kavallieratou et al., 2002).

Earlier, traditional classifiers such as Nearest
Neighbor (NN) (Parez-Cortes et al, 2000, Zhang and
Srihari, 2002) were adopted for character recognition,
however, they extubit certain lumitations. Machine
Learming (ML) algorithms (Liu et al.,, 2002) provide a
promising alternative in character recognition based on
the feature set given to them. A variety of features can be
extracted such as primitives, profiles etc.

Literature review: Beside the main goal of any Optical
Character Recognition (OCR) system which is simulating
human’s reading capability, the accuracy and time
consuming are very important issues in this aspect.
Template matching works effectively for recognition of
standard fonts but gives poor performance with
handwritten characters and when the size of dataset

grows. It is not an effective technique if there is font
discrepancy (Prasad er al., 2009). Based on the latest
survey which 1s published by Lorigo and Govindaraaju
(2006) all covered papers presented their proposals
seeking high accuracy and less time. We can classify their
preprocessing
problems, features extraction problems and recogmition

research into three main categories

problems. Many researchers have used skeletomzation in
their proposed preprocessing stages Mozaffari et al.,
2005; Alma’adeed et al., 2002). Few used techniques
such as wavelet or fractal like (Mowlaei ef al. 2002,
Mozaffar et al., 2004). Later, discriminative classifiers
such as Artificial Neural Network (ANN) and Support
Vector Machine (SVM) grabbed a lot of attention.
Vamvakas ef al. (2007) compared the performance of three
classifiers: Naive Bayes, K-NN and SVM and attamned
best performance with SVM. However SVM suffers from
limitation of selection of kernel. ANNs can adapt to
changes n the data and learn the characteristics of input
signal (Kahraman et af., 2004). Also, ANNs consume less
storage and computation than SVMs (Verma, 1995;
Tane and Pund, 2012) presented a system for HCR using
MLP and RBFN networks in the task of handwritten Hindi
character recognition where the mostly used classifiers
based on ANN are MLP and RBFN. Dabra et al. (2011)
presented a novel feature set using machine learning for
recognition of shaped handwntten Hindi
characters. Archana Jane and others (Sutha and Ramaraj,
2007) presented a novel feature set for recognition of
similar shaped handwritten Marathi characters using
artificial neural network.

similar
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Table 1: Arabic characters and their forms as different positions in the word
Letter Single Beginning Middle Ending
Alef 1 L
BRaa
Taa
Thaa
Jeem
Haa
Khaa
Dal
Thal
Raa
Zai
Seen
Sheen
Sadd
Dadd
Tah
Thah
Ayn
Glyn
Faa
Qaf
Kaf
Lam
Meem
Noon
Ha
Waw
Yaa s
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Wakabayashi et al. (2009) proposed an F-ratio to
unprove results of similar shaped characters. Yang et al.
(2010) proposed a method for similar handwritten Chinese
character recognition. Many variations have been used in
order to overcome the main disadvantage of ANNs
which 15 time consuming. Fathy and Syiam (1996),
presented a parallel design for ackpropagation neural
netwarks approach in order to accelerate the computation
process.

Arabic character characteristics: Arabic writing like
English in term of using letters, numbers and punctuation
but there are number of characteristics which make Arabic
cursive writing 1s unique compared to other languages.
These characteristics can be summarized as follow
(Ahmed and Zakaria, 1996 ). Arabic is written from right to
left in both printed and handwritten forms. The shape of
the character varies according to its position in the word
(Table 1). Each character has either two or four different
forms. Off course this will increase the number of classes
to be recogmzed from 28-100.

Arabic 13 always written cursively. Words are
separated by spaces. There are 6 characters can be
connected only from the right, these are (5 5 «, 1) and
these six characters if appeared in a word will cause the
word to be divided into blocks of connected components
called sub words thus, a word can have one or more sub
words. Sub words are also separated by spaces but
usually shorter than the one between words.

Character width and character height differ from one
character to another m addition to that, the width and
height vary across the different shapes of the same
character mn different posiion m the word. The 15
characters have dots associated with the character, they
can be above or below the primary pert and some
characters share the same primary part and distinguished
from each other by the secondary part (the dots)
(Table 1).

Alif-Magsora () shares the same primary part of
character  but without dots. This character appears only
at the end of the word. Hamza (<) 18 not really a letter, it 1s
a complementary shape appears in the following cases.
Always: with character ol in the separated or final forms.
Here, it is used to distinguish it from letter J. Separated:
May appear at the begnmng in the middle or at the end of
a word. This is the only case in which the character can’t
be connected from both sides.

Similar character in Arabic language: In this study,
combinations on pixel rating an image, feature extractions
and image pattern matching are proposed. This method
consists of two phases, training and testing. Training on
images consists of listing all handwritten images with
respect to its standard Arabic character images. We have
106 Arabic characters for traming end trained 15

handwritten  characters  with  respect to each
corresponding  standard Arabic  character images
(Table 2).

In Arabic language there are many similar characters,
in this research by similarity we mean the characters with
the same shape and additional point different between
them (Table 2). Jane and Pund (2012) show that the no of
images in training affects turnaround time of entire
process execution:

TesN
Where:
T, = Turnaround time
N =No. of traming 1mages

An accuracy of result depends on the no of trained
handwritten images per standard Marathi character
lumage:

A

©

., Him

Sim
Where:
A, = Accuracy of character recognition
Him = No. of Handwritten patterns
Sim = Standard Arabic image =1

Testing is a phase where No. of handwritten character
image 1s tested against traiming set handwritten images.
Testing consists of the following phases.
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Table 2: Arabic similar characters

Letter Single Beginning Middle Ending
Gl

Baa = 3 + e
Taa & 3 5 &
Thaa & 5 3 &
G2

Jeem z a a I
Haa I a a e
Khaa I A A &
G3

Dal n n &

Thal i i h

G4

Raa 2 2 > >
Zai 3 3 ) )
G5

Seen ™ - " "
Sheen - = &

G6

Sadd e o o e
Dadd L b LA O
G7

Tah iy i N N
Thah % i i i
G8

Ayn ¢ - . t
Ghyn § & 3 i

RGB-to-binary image conversion: As we mamtamed
training images as a binary images, there is need to
convert testing image into binary image. Binary image
avolds umnecessary lmage segmentation and features
extraction.

Pixel rate an image: Pixel rate an image used to identify
an image pixel value either on or off. We set pixels height
and width equal to 10 of which we got result shown in
Table 1 height, width of an pixel rate image should be
proportionate to size of an binary image. From the
Table 1, it 1s observed that having pixels size 15x32 leads
to loss of pixels wlich are represented with an
equation:

P :Ln P, (log,n)
Where :
P, =Number of pixels loss

P, = Pixels new
n = Number of off pixels in binary image

Image edge smoothing: From literature review, it is
observed that patterns in handwritten characters have
large deviation factor with respect to its standard image
pattern. Deviation factor 1s a mod difference value
between no of pixels patterns in training and testing
images and represented with (Fig. 1 and 2):

D, =|T-T,|

@ (b)

Fig. 1: Handwritten and binary; a) Input binary image and
b) Input handwriteen image

@ (b)

Fig. 2: Binary and pixel; a) Pixel rate image and b) Input
binary image

Where
T, = No. of segments of training image
T, = No. of segments of testing image

Image segmentation:

» Torecognize character, segmentation 1s done based on
their patterns of size 2x2

» Pattern matching

MATERIALS AND METHODS

Proposed method: Different from the previous approaches
in this study, we propose a novel algorithm based on
critical regions to classify similar pairs.

Noting the fact that similar pairs usually share common
radicals and are just different in some regions, we try to
detect those regions which are critical for discriminating
two similar characters. Take the similar pair of characters
“ =7 and ¢ &7 as example in Fig. 3. “= 7 and “&” have the
same bottom radical but are different in the top. Hence, we
can easily distinguish “=” from “=” only by its top radical
“="or recognize “s” from “=” by the top radical “*”. This
motivates us to distinguish similar pairs by appropriately
locating  and  exploiting the  critical region
information. The algorithm steeps can be conclusion as:

Algorithm 1; image steps

1 = Input image

2 = Normalization of irmage

3 = BEstraction of the future of image

Reduction the image dimension:

A. = TIf the pair is similar, extraction critical region feature into two class,
gotos

B. = If'the pair is not similar, go to 5

5. = End
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Fig. 3: Common radicals and different regions
RESULTS AND DISCUSSION

The data set that is being used in order to test and
measure the proposed system performance of this study
are consists of that 70 different separated characters. The
data set were recorded by 7 different persons.

CONCLUSION

From the study of literature survey and proposed
method, we conclude that proposed method gives
considerable and expected accuracy than previous
character recognitions techniques like HMM, ML, NBP,
etc. Experiment results shows that, proposed method
achieved an accuracy nearer to 98% provided no. of
training samples per standard Arabic images should be
maximuim as possible as.

RECOMMENDATIONS

In the process of recognizing handwritten character,
human brains may fails that’s why to keep an expectations
to achieve 100% accuracy is not expectable. A future
resaerch is needed to correctly analyze segments patterns
and fuzzy rules mentioned to achieve better accuracy
which should be independent of no of training set
images.
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