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Abstract

Writing in its different forms, printed and manuscript has always been a tool essential
in human communication, and as ubiquitous in most areas of its operations. It is used to
store and archive knowledge. Thereby, human has always developed technjgues f *
sustainability across generations. Indeed, with the advent of new in
technologies and electronics computers, and further increase the powerfo
automated processing. Besides, one of the important stem is dwriting
recognition. Handwriting text recognition system based icient eptation, DCT
and HOG Features is proposed. The proposed system sn the segivfentation of the
text into words only. Moreover, the system achie

recogritionNaCcuracy 96.317%
based on the used methods and SVM classifier. &!\/

Keywords: Arabic Text, HOG, Feature tion, DC‘\%mentation
>

1. Introduction 6\ ‘\Q
Handwriting recognition is c@ex compu&ocess, aims to translate a printed or
handwritten text in a dig% oded t€xtn so understandable by a machine, by
transmitting thereto the ability to%ead. riting recognition relates more precisely
all the related tasks with ass proﬂ of paper documents. Therefore, it focuses on
rat

the applications large itive wit r large databases namely: automatic processing
of administrative fifes\ automati ting of mail, the reading the amounts and bank

checks, processj address e 4orms processing, interfaces without keyboard, the
analysis of itten es@r ading Heritage documents, indexing and search library
archives o ation ases.

In order to develo
patterns are essenti
[1], AHDB [2

n recognition methods and systems, a large amount of sample
he same way as off-line character pattern databases such as |AM
IT [3], and KHATT [4] and so on, have been playing significant
roles for off-li andwriting recognition. Therefore, in this paper AHDB dataset has
been sele&%(or our proposed system. The dataset has the most popular Arabic words
that wri many writers.

F “ nore, segmentation is the first step in handwriting recognition systems to make
aXt word clear and unique from the others. Preprocessing is the second step which
to reduce the variability of handwriting by correct these factors and it will help to

enhance the accuracy of and recognition. The third step in recognition system is the
features extraction which extract a helpful information from the image text word to
distinguish it from the other words. The last step of the recognitions is the classification
which make the decision to sign the text word to its desired class then convert it into
editable text. [5]
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2. Proposed System

The proposed work for handwriting text recognition has several major steps. Each of
the recognition step affect the accuracy and the performance of the recognition. First of all
the input images grouping together to be as collection of documents which will pass
through several process as shown in Figurel.

AHDAB Image Document Word
dataset gathering Image Segmentation
T Feature .
Classification Extraction 1 Preprocessing

Recognition — Recognized

Figure 1. The Proposed
The proposed system involves several ste e@{cessmg, feature
extraction, classification and recognition. BeS|de each s it benefits for the
recognition process. Here the proposed metho@@os desqu in etalls

2.1. Text Segmentation

Segmentation is a critical and e stade NPNSBveral systems recognition. It is
defined as the operation that s o break a text image pseudo images of
individual symbols. The res»;jigV opehat a form isolated from an image and that
could be a word or character eve ratlon is not always possible. Generally,
the performance of the s ntation ts dlrectly the reliability of the overall system.
The input image to thwg will be as'$hown in Figure2.
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Figure 2. Input Document Image

TO perform the segmentation, two features in the Arabic handwriting text are
considered. The first feature is the longest Arabic word has eleven characters and the
shortest Arabic word has only two characters. The second feature is that, the distances
between the words in the Arabic text are bigger than the distances between the sub-words

which belong to the same word. Therefore, according to these features a proposed
segmentation algorithm is taking place through draw a rectangle around each word in the
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text image and cutting each part to save it as an image. Algorithm 1 explains the proposed
segmentation steps.

Algorithm 1: Text Segmentation (TS)
Input: Handwriting text image
Output: Segment text (word)

Stepl: Read the input image
Step2: Apply Sobel filter on the image to detect the edge
Step3: Dilate the edge image
Step4: If there are hole in the image then
Fill the holes
Step5: End IF
Step6: Scan the image and label all the objects from left to right

Step7: For each labeled object ?\/

Step8: Find the center of mass ( centroid )
Step9: End For .
aroun h,0

Stepl10: Scan the image from left to right and draw a re&& ject
based on the centroid

Stepll: Draw the obtained rectangles around th in th rwmage

Stepl12: Crop the objects insides the rectangles a e each%standalone image

Step13: End oo
IR

*

By applying the Algorithm 1 there @e sevmx‘@writing segments (words). Each

segment given a name to represent vﬁt tthatﬁ% d in the segment image then pass
it to the preprocessing phaA@ present the main stages of the proposed

e 3
segmentation method. *\
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Figure 3. Text Segmentation (a) Original Image, (b) Edge Image, (c) Deleted
Image, (d) Segmented Image
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2.2. Preprocessing

Preprocessing consist of image transformations. The preprocessing goal is to facilitate
the characterization of the image to be recognized either by eliminating the noise or
reducing the amount of information to process to keep only the most information
significant. Reducing the amount of information to be treated may be obtained from
operations to bring the line thickness to a single pixel. The input to the handwriting text
recognition system is a grayscale text image which has the Arabic word. During
preprocessing the image converted to binary by thresholding method. The benefit of the
thresholding is reducing the image diamantine to make it easy to process.

In the proposed work Otsu method [6] has been used to for thresholding purpose. After
that, some noise appear due to the thresholding. 3X3 median used to remove undesired
information from the binary image as shown in Figure4.
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Grayscale Infages Binawy Tmages

Figurés4. Image”Thresholding

Black space around theywritten weuth irvan image does not help in any recognition
process. So this unwaptedtbiack space areund the word was eliminated. To eliminate this
black space, boundiqg\bOxes were lised. From each side of the binary image, the first
pixel of the writtem\Word wag [Qcafed. This produced four points which formed the
boundaries gfthe\boundingbox. The black area around this box could then be eliminated
using thesetfourivalues &s “ghdwn in Figure4.
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Figure 4. Black Space Elimination

The last step in preprocessing is the image normalization. AHDAB dataset has various
image sizes. It important to make all the image in the dataset in the same size and make
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the recognition process fast. After testing several sizes (32x32, 64x64 and 128x128) the
128*128 size gave best recognition rate. Therefore, all the dataset images normalize into
size 128*128.

2.3. Features Extraction

The objective of the feature extraction stage is to capture the most relevant and
discriminate characteristics of the handwriting text image to recognize. The selection of
good features can strongly affect the classification performance and reduce the
computational time. In other words, it's possible to choose a set of features that denote the
significant differences from one class to another, these selected features, consequently,
result in an easier classification task. The features used must be suitable for the
application and for the applied classifier. In this paper, two types of feature extraction
methods has been used which are: Discrete Cosine Transform (DCT) and Histogram of0

Oriented Gradient (HOG). \/

2.3.1. Discrete Cosine Transform (DCT)
The DCT transformation matrix being Orthogonal ccom inversion

method in order to return in space. So after making c |n the ncy domain,
eliminating variations of the picture almost invisible human ne returns to a
representation of pixels. Given an image f (i, j 2D D orm is defined as
follows:
I-1 J-
fu.v)=a()av y;\ QJ)COSNE; lcos[( ’”]

The inverse transform is defme@\
fG.j)= ﬁg

(u) (v cos[( 'Z’\)" cos [( i ]

)

OV-O

- Sy

)

\b ©)
strong capability to compress energy, the DCT is a useful tool for pattern
reco applications. The DCT can contribute to a successful pattern recognition
ith classification techniques such as Support Vector Machine and Neural

In the proposed system the DCT applied for the whole image that produced from the
previous phase. The output of the DCT is an array of DCT coefficients.

The features are extracted in a vector sequence by arranging the DCT coefficient in
zigzag order, so that most of the DCT coefficients away from the beginning are small or
zero. After testing the coefficients it found that the best number of DCT coefficients to
represent the handwriting word as feature vector is the first 50 coefficients. The main
steps to get the DCT features present in Algorithm 2.
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Algorithm 2: DCT_FEXT
Input: Binary image
Output: DCT Features

Stepl: Read the input image

Step2: Convert the image into gray

Step3: Compute DCT for the input image

Step4: Convert the DCT image into 1D array by zigzag order
Step5: Choose the first 50 DCT coefficients as a features
Step 6: Save the result features in 1D array

Step7: End

2.3.2. Histogram of Oriented Gradient (HOG)

Histogram of Oriented Gradient (HOG) was first proposed by Dalal and{Triggs [8] for
human body detection but it is now one of the successful andypopular yéed escriptors in
computer vision and pattern recognition. In order to_éxtragt the H@Gfeatures, the
obtained binary images convert to gray. Besides, a proposed edge detection mask filter in
Figure5 is used to find the image magnitude and gradieit.

0 =1 =1 @
i O, 4
Figure 5. Prof0os€d Edge Detection Filter

At each point, the apprexifpations &f W€) horizontal and vertical gradients and
directions can be combined as in equatigns, 2.9 and 2.10 to get an approximation of the

gradient norm [16]:
g=109c+0y @

0 = tan(x)
9

! (5)
Where 0 is gradientdirection
The image divitles into small square cells 6x6 with bin=9 directions then computes the
histogram, of gradient directions based on the central differences. An example of getting
the HOG.i{IiStrates in Figure 5.

Where g is.gradignt magnitude

Figure 5. HOG
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For improve accuracy, the local histograms have been normalized based on the contrast
and this is the reason that HOG is stable on illumination variation. By applying this step,
the total size of the feature set in the feature vector will be (6x6x9) = 324. The

normalization factor can be one of the following:
.
2 2
VL +e

1

L2Z2-norm: =

L1-norm: f =

P, +e
.
Ll-sqit: = |[——M—
Il +€ o
Where v is non-normalized vector containing all histograms in in given bloc its

k-norm for k= 1, 2 and e small constant (not influence the result).

0
2.4. Classification and Recognition

%’@

After the feature extraction, the major task is th @ CISIOn t sify the word to
p

which class it belongs. There are various classifi t can Wm text recognition.
ort Vect achine (SVM).
2.4.1. SVM Classifier

The most important and more effective classifier is

The origin of support vector mac % ack to 1975 when Vapnik and
Chervonenkis have proposed the 7{ of s’l& risk and size for VC characterize
the ability of a learning machi hat time,, thisprinciple has not found a place and it
does not yet exist a solid am&n ed clag@lon model to be usable. It took until the
year 1982 that offers Vapnik SV t classification based on structural risk
minimization [9-10].

SVM commonl ith Imea:é polynomial, RBF and sigmoid kernels. A multiclass

SVM classificatio ibsvm) used in the proposed system [11] with different
kernels of 2) polyn 1,"3) RBF, 4) sigmoid and it achieves a very high

recognltlo
The fma D is the ition which is matching the selected class by the SVM with
the character ASCII d the desired word in the Arabic lexicon.

3. Exp tal Results and Discussions

T osed method is implemented using Matlab R2015a version, under windows7
perating System, with RAM 6GB, CPU 2.50GHz core i5 and it achieved fast and
ive results.

The proposed dataset has 2913 handwriting word images. Each word has 105 images
written in different style. In the handwriting word recognition system 70% of the dataset
used for training purpose (2044) and 30% for testing (896) and it achieved 96.3%
recognition accuracy.

An important step to make the mathematical computing simple and fast a feature
normalization (scaling) has been used to make the features ranges [0 1] by applying the
following formula:
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A—Min (A)
Max(A)—-Min (4)

A=
(6)

Where A is an original value, A’ is the normalized value.

Moreover, in the proposed system SVM classification work with different kernels and
each kernel achieved different accuracy. Besides that, there are an important parameters
which make the SVM work perfectly.

The most important parameters in SVM are: cost(c) and gamma ( ). After many
testing of the system the best values of the parameters was ¢ = 8 and y = 0.0625.

Table 1. Comparison between Different Kernels of SVM

SVM Kernels Linear Polynomial RBF \/’
Recognition 92.63% 96.317% 91.5% ' ;
Accuracy

4. Conclusion %

In this a paper, a proposed a high accurate o» re nltlon system is
present. The system use 70% of the dataset for tra and 30 testlng and obtained

high accuracy with SVM polynomial kerne@e hlgh racy achieved by several
factors starting from the efficient preprgc stage wi use of Otsu method then
with efficient proposed segmentation ure e tion methods DCT , HOG and
finally with more accurate recognitio @her
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