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Abstract: This research aims to use geometrical features and neural networks to automatically recognize (read) off-line handwritten
Arabic words. The nature of handwritten Arabic characters and hence the problems that could be faced when automatically
(optically) recognizing them are discussed. This research concentrates on the feature extraction process, i.e. extraction of the main
geometrical features of each of the extracted handwritten Arabic characters. A complete system able to recognize Arabic-
handwritten characters of only a single writer is proposed and discussed. A review of some of the previous trials in the field of off-
line handwritten Arabic character recognition is included. The system first attempts to remove some of the variations found in the
images that do not affect the identity of the handwritten word (slant correction, slope correction, and baseline estimation). Next, the
system codes the skeleton of the word so that feature information ahout the lines in the skeleton is extracted (segmentation and
feature extraction). The features include locating endpoints, junctions, turning points, loops, generating frames (segmentation step),
and detecting strokes. These features are then passed on to the recognition system for recognition. The character classification is
achieved in this research using a feedforward error back propagation neural network. An 69.7 percent recognition rate has been
achieved for the character frames of data.
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1. Introduction

Off-line handwritien character recognition is the automatic transcription by computer, where only the
image of that handwriting is available. Much work has been done on the recognition of English
characters, both of separate and cursive scripts (joined). The work of recognizing Arabic characters is still
limited. The importance of recognizing Arabic characters is also to be considered by Arabic non-speaking
people such as Farisi, Curds, Persians, and Urdu-speaking who use the Arabic characters in writing
although the pronunciation is different. Among those are the following. Abuhaiba et al. dealt with some
problems in the processing of binary images of handwritten text document [1]. Almuallim and
Yamaguchi proposed a structural recognition technique for handwritten Arabic words [2]. A look-up
table is used for the recognition of isolated handwritten Arabic characters [3]. Amin et al proposed a
new technique for the recognition of handprinted Arabic characters using neural network [4]. Obaid
introduced handwritten Arabic characters recognition by neural network [5]. Saleh et al describe an
efficient algorithm for coding handwritten Arabic characters [6]. It is worth noting that most of these
works are done assuming that a handwritten Arabic word segmenting into separate characters has been
done before recognition. This research deals with preprocessing steps (before classification) of off-line
handwritten Arabic words. In this system, some of the methods applied to handwritten Arabic writing,
such as slant correction, slope correction, thinning, segmentation, and feature extraction have not been
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used ever, as seen from the literature survey. The feature extraction process includes locating endpoints,
junctions, turning points, loops, generating frames, and detecting strokes. The accuracy could be
improved if postprocessing were applied. Further work, as well as suggestions to improve the overall
accuracy of the system, are discussed at the end of the context. Before discussing the proposed system, it
is necessary to make a quick revision of the nature of handwritten Arabic characters and hence of the
problems that could be faced when planning to automatically recognize them.

7. The Nature of Handwritten Arabic Characters and Its
Difference from Latin

The main characteristics of Arabic Writing can be summarized as follows:

1) Arabic text (printed or handwritten) is in cursive and in general, from right to left. Arabic letters are
normally connected to each other on the baseline.

2) Arabic writing uses letters (which consist of 28 basic letters), ten Hindi numerals, punctuation marks,
as well as spaces and special symbols.

3) Some of the Arabic characters are located under the baseline (for examgple, 5.5).

4) Some of the Arabic characters consist of two parts (for example $,5,4).

5) In the representation of vowels, Arabicuses diacritical markings. The presence or the absence of
vowel diacritics indicate s different meanings in what would otherwise be the same word. If the word s

isolated, diacritics are essertial to distinguish between the two possible meanings, i.e. (;L‘r- ¢ ol I it

ocows in a sentence, contextual information inherent in the sertence can be used to infer the
appropriste meaning. In this research, the issue of vowel diacritics isnot treated, since it ismore
common to Arabic writing not to employ these diacritics.

(A) (B) ) )]
FIGURE 1: DIFFERENT SHAPES OF THE ARABIC LETTER ( ¢ A’IN) IN: (&) BEGINNING, (B)
MIDDLE, (C) END, AND (T ISOLATED POSITIONS.

6) Arabic letter might have up to four different shapes Figwe 1), depending on its relative position in
the word thatincreasesthe number of classes from 28 to 100 (Figuse 2 (). For example, the letter (&

A’in) has fow different shapes: atthe beginning of the word, in the middle of the word, at the end of
the word and in isolation (stand-alone). Furthermore, there aretwo supplementary characters that

operate on vowels to create akind of stress (Hamza ¢) and elongation (Madda ~); the latter operates
orly onthe character Alif (Figure 2(b)). The character L am-Alif (Y) is created as a combination of two
characters, Lam () and Alif ( V), when the character Alifis written imm ediately after the character

Lam. This new character, together with the combination of Hamza (£) and IMadda(~), increases the
rum ber of classes to 120 (Figure 2 (8), (&) [7].

7) Different Arabic characters may have exactly the same shape, and they are to be distinguished from
one another only by the addition of a complementary character (position and number of dots associated
with it). Hence, any thinning algorithm needs to cfficiently deal with these dots without changing the
identity of the character (Figure 3). In the segmentation process of a handwritten Arabic word, the
characters are more difficult to segment if the dots are not allocated exactly under or above the characler
body (Figure 4).
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8) There is a small number of characters which have the same shape in any position (except for the
connecting part (—), but the position of the chatacter may also ciffer on the line (on the line, under the
line, or up the line). There are some characters which can have different shapes in their position
depending on the phonics of the word (s.g.» & 5 5 sl

9) The widths and lenghs of characters differ from one character to another and from one version to
another. Many characters (17 out of 28) are composed of two parts, the body of the character and a
rumber of complementary dots, either above or below the character hody. There may be a dot or a group

of two or three dots. There are onlythree charactersthat represert vowels (&, 3, ) . Other vowels are

represented by diacritics in the form of overscores or underscores. The use of diacriticsislimited to cases
whete the wordis from other language. N o upper of lower cases existin Arabic 2]

Alf | L

Ba bt e .o b
Ta o 3 L3 o
Tha o = i .
Jeem - .y e =
Hha = . e .
Ehe Fd = == B
Dal B .
Thal 5 s
Ra R P
Zay 3 >
Seen = - . e
Sheen o o - o
Sad o oo —a pa
Dhad 0é s —a s
Tta " ‘b o =
Za i & e L
£ £ -+ == =
Ghain ¢ " - I
Fa - 4 ey ey
Qaf P 3 a &
Kaf o 24 < Ex
Lam J 4 A J
Meem t G - =
Noon 3 = e e
Ha 8 oy i -
Waow » -
Ya ) = -+ o«
(A)
AL T T
Alif i L
Alf ! L
LamaAlif 4 S
LamAlif 3 L
LamAlif Y *
LamAlif 9 =
Waow i 3
Ya 5 N i P
B)

Figure 2. (A) Arabic Alin all its Forms; (B) Supplementary Characters (Hamza and Madda) and
Their Position With Respect To the Alif, waow and ya
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Figure.3. Some of the Arabic Characters That Differ by the Number of Associated Dots

L

.
.

Figure 4. A Handwritten Word That Can Have Segmentation Problems

10) Arabic writing is cursive and words are separated by spaces. Some Arabic characters are not
connectable with the succeeding character. Therefore, if one of these characters exists in a word, it
divides that word into two subwords. These characters appear only at the tail of a subword and the
succeeding character forms the head of the next subword (F igure 5).

-

J)J ddm Ofﬁ\

(@) (b) (c)

Figure 5. Arabic Word With Constituent Subwords

11) Arabic writing contains many fonts and writing styles. The letters overly in some of these fonts and
styles. Furthermore, characters of the same font have different sizes. Hence, segmentation based on a
fixed size width cannot be applied to Arabic [3].

3. Off-line Handwritten Arabic Character Preprocessing

This Section describes the operation of the complete preprocessing steps for the handwriting recognition
system for a single Arabic word, from the handwriting on a graphics tablet to the output of a segmented
word. Any word recognition system can be divided into sections, preprocessing, recognition, and
postprocessing, as shown in Figure 6. In this rescarch, the hand- written word is entered by the graphics
tablet, and the word is normalized to be presented in a more informative manner at the stage of
preprocessing. The recognition is then carried out to recognize the word, and this is done firstly by
estimating the data likelihood for each frame of data in the representation, using a suitable classification
technique (neural network in our research). Then the postprocessing can be carried out. The system built
in this research concentrates on preprocessing operations which are of special importance for the process
of Arabic word recognition. The steps involved in preprocessing are implemented in visual C++ code.
The proposed system has two main advantages. The first advantage is its ability of dealing with the non-
segmented words. The second advantage has to do with exploiting the position of features found in the
character or in the sub-character.
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Single word image Post Processing

Data Preproc- > Recognition ) Language )
; Classifier model
Capture essing

Encoded word  Likelihood Edited word

Figure 6. A Complete System for the Off-line Arabic-
Handwriting Words Recognition

3.1 Data Capture

The word image acquisition in this system takes place as follows. A single author writes a cursive
handwritten Arabic word. That word is written by the complete new 3- button ergonomic refillable inking
pen on a Graphics tablet, which has been used essentially for natural free hand drowning, and for filling
out forms, both on paper and electronically. The pen weights ultra light, allowing it to be effortlessly held
in the palm of the hand. The Arabic words are displayed using a graphics program and then are saved in
files, to be used as data for the system.

3.2 Preprocessing

The main advantage of preprocessing a handwritten word image is to organize the information so as to
make the task of recognition simpler. The main part of the preprocessing stage is normalization, which
attempts to remove some of those variations in the image which do not affect the identity of the word.
This system incorporates normalization for each of the following factors:

1) Stroke Width: The stroke width depends on the writing instruments used, the pressure of the
instrument, and the angle of it with respect to the tablet.

2) Slant: This is the deviation of strokes from the vertical axis. It varies with words and writers.
3) Slope: The slope is the angle of the base of a word if it is not written horizontally.

4) Height of the letters: They vary with authors for the same task, and for a given author for differemt
tasks.

The normalization task will reduce cach word image to one consisting of vertical letters of uniform height
on a horizontal baseline, and made up of one-pixel-wide strokes. Figure 7 shows the processes involved
in preprocessing. In this system, the word image is loaded and cropped. Then the slant and the slope of
the word are corrected and thinned. The details of each of the processes are described in the following
Sections. The preprocessing operation consists of the following steps:

1) Image Loading
2) Slope Correction
3) Slant Correction

4) Thinning
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Calculate Vertical Baseline

Histogram Estimation Slant
> > — Correction

Word
Image )
Slop Correction  |g
Thinning
Skeleton of word image consisting of
vertical letters on horizontal baseline
.‘,_

Figure 7. The Preprocessing Operations
In the following Subsections, the steps (processes) involved in the Arabic handwriting preprocessing used
in this research are discussed in detail.

3.2.1 Image Loading

For loading the word image, the system uses a rcady -made class library [9]. The image object class
library is linked to this system and written in Visual C++ language. The image loading procedure consists
of three main steps:

1) Load the Image
2) Get the dimension of the image in rectangle form
3) Crop the image to contain only the non-white rectangle

After being loaded the image will be shown on the screen as in Figure 8a, and the dimension of the image
word is so calculated and cropped as to contain only the non-white rectangle (F igure 8b).

A S sy
o ¥ ottt .‘ﬁ*ﬁﬁ?"

Cance

Figure 8. (a) Original Image of the Arabic Word After Loading From A File
(b) Same Image after Being Cropped To Contaia Taly the Nonwhite Rectangle
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3.2.2 Slope Correction

The slope is defined as the angle of the baseline of a word that is not written horizontally. In Figure 10 (a
and b), a word is seen before doing slope correction and after its slope being corrected. The character
height is determined by intuitively finding the important lines. These lines are the upper baseline and the
lower baseline, respectively, with a centerline between the two. With these lines, the ascenders and the
descenders that are used by human readers in determining word shape [10], can also be identified. The
heuristic, used for estimation of these lines, consists of three main steps [11]:

1) Calculation of the vertical density histogram for the word image
2) Baseline correction

3) Slope correction

{Upper base line) Baseline2 o
{Lower base ine) laselimz‘% o [y
)

(—._,-’:‘ J—_——"/‘

Figure 9. The Vertical Density Histogram of An Arabic Word

The first step is done by counting the number of black pixel in each horizontal line intheimage
(calculation of the wvertical histogram). Then the base line estimation follow s by rejecting the part of the

image likely to be a hooked descender, as the letter (J ¢ o) Such a descender is indicated by the

maximum peak in the vertical density histogram, as illustrated in Figure 9. The second baseline is
caleulated in the same procedure by finding the second maximum peak in the vertical density histogram.
Finally the slope conrection procedure goes as follows:

First: Calculate the slope. Find the lowest remaining pixel on cach vertical scan line.

(1) Retain only the points around the minimum of each chain of pixels, and discard the points that are too
high.
(2) Find the line of best fit through these points.

Second: Slope correction. The image of the word is straightened to render its bascline horizontal by
application of the Shear transform parallel to the y-axis.

(3) The baseline, the height, and the bounding rectangle of the cropped image are re-estimated, on the
assumption that it is now horizontal.

3.2.3 Slant Correction

The slant is the deviation of strokes from the vertical axis, which varies with words and writers. In Figure
10 (c), a word is seen after correcting its slant.

The slant of a word is estimated by finding the average angle of a near-vertical stroke [11]. This is
calculated by finding the edges of strokes, using an edge detection filter. This technique provides a chain
of connected pixels representing the edge of strokes. A mode orientation of the edges close to the vertical
is used as an overall slant estimate. The procedure of slant correction contains the following steps:

1) Thin the image and calculate all its end points.

2) Find ail near vertical strokes by starting at each end point above the bascline until another end point
on the baseline.

3) Calculate the average slant for all strokes.
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4) By shear transform parallel to the axis, the slanted word can be corrected.
5) The bounding Rectangle and width of the image are re-estimated.

3.2.4 Thinning

Numerous algorithms have been proposed for thinning (also called skelctonizing) the plane region. This
system uses an algorithm for thinning binary regions described in [12]. The algorithm presents the
following aspects: (I) it does not remove end points, (II) does not break connectedness, and (IIT) does not
cause excessive erosion of the region. Region points are assumed to have 1 and background points to
have 0. The method applied to the contour points of the given region (a contour point is any pixel of value
1 and having at least one 8-neighbor value 0). The thinning algorithm is as illustrated below:

Input: A digitized image 1.
Output: A thinned image L
LetN(pr)=ptps+Patpstps P71+ Pe
{ N(p,) number of non-zero neighbors of p; }
Let S(p;) = { the number of 0-1 transitions in the ordered sequence of ps, pa, ., Po.p2 }
(1) For every border pixel in the binary region, flag a contour point p for

deletion if the following conditions are satisfied :

@ 2<Np<6
(b) S(p) =1,
() P2.Pa-Ps=0;

@) Ps.Ps-Ps=0;
(2) Delete the flagged points.

(3) For every border pixel in the binary region, flag a contour point p for deletion if the following
conditions are satisfied:

@ 2<Np <6
() Sp)=1L
© P2-Ps.Ps=0;
(d  pi-ps-P=Y;

(4) Delete the flagged points.

Crapped lnige % Slope Correction Stunt Correction Thinning
&) X P

oy B [y SR )

Canr,eljn |:_Nj Cancel | ['ii—exlj Cun.:ell m Cancel {E
(A) (B) (©) (D)

Figure 10. (A) The Word Before the Slope Correction; (B) The Word After its Slope Corrected
Horizontally; (C) The Same Word After Slant Correction; (D) The Operation of Thinning
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3.3 Finding Handwriting Features

This Section discusses the way for representing the useful information contained in the image of the
word. The choice of the feature extraction method limits or dictates the nature and output of the
preprocessing step [13]. Since the word in this system is represented by a thinned pattern, or skeleton, the
features which are the most suitable for this representation, and hence for the classifier, are used in the
system.

Before finding handwriting features for a word, the original word image is normalized and encoded in a
canonical form, and so the different images of the same word are encoded similarly. This system uses a
skeleton coding scheme, similar to the one used in [11] with something distinctive in the segmentation
process of frames due to the difference in Arabic handwriting style, far from that of English.

The word will be segmented into frames. These frames are calculated before thinning The horizontal
density histogram is calculated and smoothed. The maxima and minima of the smoothed density
histogram are found. and frame boundaries are defined to be the midpoints between adjacent maximum /
minimum pairs. To ensure that the frames do not exceed a certain width, more frames are added where
the maxima and minima are far apart, and chosen according to the character height.

Every vertical frame will be segmented into some regions or rectangles. For each of these rectangles, four
bins are allocated to represent different line segments, angles with vertical and horizontal, and the line 45
degrees from these.

The performance of the recognizer can be improved by passing to it more information about salient
features in the word. A number of useful features can be easily discerned from the processing that has
alrcady been performed on the writing: endpoints, junctions, complementary characters, loops, and
turning points.

The methods for the detection of intersection points, endpoints, and loops, are all operating on
skeletonized bit maps. Thinner class, used in this system programming, has some functions for locating
endpoints, junctions and loops. In the next Sections, the strategies for locating endpoints, junctions and
loops are mentioned.

3.3.1 Locating Endpoints and Dots

Endpoint is the end/ the start of a line segment. Endpoints are points in the skeleton with only one
neighbor and they mark ends of strokes, though some are artifacts of the skeletonization algorithm.
Endpoints are found by examining all 1-pixel individuals in the skeletonized bit map image. As a
consequence of skeletonization, an endpoint will have one and only one of its 8 contiguous neighbors as
an 1-pixel. Therefore, sum up 8 neighbors and recognize an endpoint when the sum is one.

Daots ahove, o under, the letters (ie. o d d ¢ o 255y 2 o o) can beidentified witha
simple set of rules Short, isolated strokes occurring an or above the half line are marked as potertial
dots. The mamber of dots and their location relative to the main skeleton of the character have to be
identified in every frame The number of dots canbe one, two, or three. Dats can be below or above the
main skeleton ofthe character. Dots are calculated by tracing every bath from every end point. If tracing
reaches another endpoint and the path length is only one pixel or three pixels, the procedwre finds a dot. If
the path is more than one pixel, the centre of the pathis enrclled as dot feature. Then add it to the dots
array and erase endpoint feature in that point.

3.3.2 Junctions

Junctions occur where two strokes meet or cross each other and are easily found in the skeleton as points
with more than two neighbors. The system will use an algorithm as follows: each of the 1-pixels in the
image is examined, and the number n of contiguous 1-pixel to the focus pixel is counted. If the count n of
neighboring pixels exceeds 2 (n>3), then the focus pixels is considered to be an intersection.
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Figure 11. The Word With the Features on It, Endpoints Represented With =, Intersections With X,
Loops With ¢, and Dots With D

3.3.3 Turning Points

Points where a skeleton segment turns from upward downward are recorded as top turning points.
Similarly, left, right, and bottom turning points can be found as illustrated in Figure 12. Turning points
are detected by multiple fixed windows, to examine the variation in coordinate values of the start, the
mid, and the endpoints of the curve.

J N >C
(a) {b) (© (d

Figure 12. Four Turning Points in Different Directions, (a) Up, (b) Down, (c) Left, and
(d) Right

3.3.4 Loops

Loops are found during a connected-component analysis of the smoothed image, to find areas of
background colour not connected to the region surrounding the word. A lcop is coded by a number that
represents its area. Loops are detected by a comparison with previously drawn up membership lists. The
process begins by cutting off all edges terminating in endpoints that form the character. If no 1-pixels
remain, there are no loops and the process is complete. Otherwise, at least one loop is present. The
program first builds a list, QO, of all 0-pixels. Each pixel I Q0 is within some loop. We may remove an
arbitrary pixel from QO, and build a collection of all its O-pixel neighbors that do not cross a boundary
formed by 1-pixels. This collection is the membership for a singlc loop, L. All of the L member pixels are
removed from Q0. The process continues until Q0 is empty and all loops within the character have been
detected.

3.3.5 The Generation of Frames

The position of complementary characters, endpoints, turning points, loops, and Junctions are useful, and
they are recorded along with line-segment features for each horizontal strip. For dots, it is only useful to
know whether they are above or below the baseline. Thus for each of the three segments in the frame,
cleven features are encoded (four line-segment angles, four turning points, junction, endpoint and loop).
And a two-dot feature for each frame.

The generation of frame procedure contains six main steps to be followed in the segmentation of an
Arabic word:

1. Calculate the horizontal histogram for the word image (after completing the preprocessing stages) as
shown in Figure 13

2. Find the maximum peak in the horizontal histogram

3. Find the minimum peak in ihe horizontal histogram
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4. Make the frames by adding the minimum and maximum peaks in the same array (Frame Array)
5.  Check for shortframes if any, and remove them.

6. Check for long frames if any, and segment them.

After this stage. the image of the word will be segmented into frames as shown in Figure 11. In this
system, every frame in the image will be distributed into three segments. Each one can be identified as
playing a definite but distinct role in the representation of handwriting. The region between the upper
baseline and the lower one, both containing most of the horizontal movement in a word and capturing
important data about short vertical strokes, makes up the majority of Arabic letters. Two more segments
for the ascenders and descenders are found in the region above the upper baseline and below the lower
bascline. In the end, the word image is segmented into frames and segments, so the previous features in
these frames and segments could be distributed.

Figure 13. Horizontal Histogram and Segmentation of Words into Frames

3.3.6 Detect Strokes

The purpose of this process is to detect strokes in each segment. The strokes or line segments can be
vertical, horizontal, and the lines 45 degrees from these. Within this framework. the lines of the skeleton
image are coarse coded as follows. The one-pixel-wide lines of the skeleton are followed, and wherever
a new grid is entered, the section in the previous box is coded according to its angle. Segments, which are
not perfectly aligned to the discrete angles, are then coded according to the closest angle [14]. After the
detection of all features in the word, the features should-be drawn on the screen as illustrated in Figure 11.

4. Character Classification

The character classification is dene in this research using feedferward crror back propagation neural
network. The metwork has a single hidden layer of standard perceptions with nenlinear activation
functions. The mapping process is frem input, represented by features extracted for the Arabic character,
to the ontput, that represens an indicatien to that character. This mapping process is modeled in terms of
some mathematical functiens. The functien contains a number of adjustable parameters whose values are
determined with the help of the data. Such functions could be written as follows:

0;j=o0;(Lw

where w denotes the vector of parameters. The output o g j of a unit is a function of the inputs Pk,j and
the netwerk parameters (the weights of the links wy; with a bias by )

0, = flio
o, =b+> aw,

The netwosk is fully connected — that is each input is connected to every eutput. The input units accept
one frame of parameterized input. The output units estimate letter probabilitics for each of the character
classes. The feedback units have a standard sigmoid activation function

flo)=>0+e")7,
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The character outputs have a “ softmax “ function

4.1 Neural Network Architecture

The backpropagation neural network shown in Figure 14 has three layers; cach input layer node is
connected to each middle layer node and each middle node is connected to the output layer nodes. A
formalization of the backpropagation neural network topology used in this research is shown in the
following:

Topology T=(F,L)

Interconnecting Linkage L={w; k.| > Where

9.]_,
back propagation neural network is fully connected.

Framework F ={cpcq,cy}, where

¢o- €. and ¢y represent the mput, the middle, and the output layers respectively.
Cluster (layer) ¢;= {“i,j H
(Input Layer) c¢g={ngg,ngq1:002 10,33}
(Middle Layer) ¢ ={ny g,,01,1,01,25--s 01,60 }

(Output Layer) c3={np ,,02,1,022 512,120}

At the beginning, the network had 33 neurons in the input layer and 60 neurons in the middle layer. In the
output layer, there should be 120 neurons since it is required to classify 120 handwritten Arabic letters (in
all their forms), and 120 output variables, each of which corresponds to one of the possible letters, might
be considered. In general it will not be possible to determine a suitable form for the required mapping,
unless there is a data set of examples. After analyzing the input data set and different possible outputs, it
is found that 53 neurons at the output layer will do. The number of output neurons is 53, that is enough to
represent different stroke versions resulted from different character frames (instead of having 120
outputs).

The recognition process has known two trials. The neural network has three layers. In both trials. the
number of output neurons was 53 and the number of hidden neurons was 60. In the first trial. the number
of inputs is 35, representing 11 features for each of the three segments of a character, plus two inputs
representing dot(s). One of these two inputs represents dot(s) if they are above the baseline, while the
other input represents dot(s) if they are below the baseline. The achieved accuracy is 53%. In the second
trial, the number of inputs is 37, with two other features of each segment incorporated. Each of these two
inputs has a value 0.3, if there is only one dot, 0.6 if there are two dots, and 0.9, if there are three dots.
The recognition accuracy increases to 69.7%. Table 1 shows the target letters or sub-letters with the total
number used for both training and testing the network.
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Figure 14. The Topology of Back Propagation Neural Network Used in this Research

4.2 Neural Network Training and Testing

The network is trained standard connectionist techniques, in particular the generalized delta rule [9]. This
determines the way weights should be changed to improve the network approximation to a set of desired
target outputs. For training, target values must be given, which the network output can be compared with.
Target values are given for each frame of data manually, indicating the correct class, the class for which
the network output should be one, all the others being zero. A single writer had written 300 different
Arabic words and after that he was asked to write them again (which results in a data set of 600 words).
The neural network was trained initially by 530 parts of characters (character frames). These frames of
characters have been segmented from 300 handwritten words. The network was once again tested with
another 530 parts of characters.

Studies in Informatics and Control, Vol. 10, No. 2, June 2001 93



Table 1. The Data Set Used To Train and Test the Classifier in this System

Wis cla5ﬁ"~o.of Fornber Teharacter| Character [Mis olassif] Mo, | Number |Character | Character| Character
testing of nurmber testing of number
patterns | patterns patterns | patterns |
5 | 92185} | 1 Alif
5 12 | 24 [g] 4 4 | 24| 48 | w 3 Ba
4 16 | 33 |“a: 8 1 6 | 13 ] 2 7 Ta
3 5 110 ] x| 12 | 1 9 |19} 3 | 11| Tha
2 16 | 32 s ] 16 2 121 24 | =1 15
3 11 | 23 [omes] 20 3 [12] 25 ] = | 19 | Hha
3 6 12 |adid 24 D 10| 201 =4 23 | Kha
5 37 | 75| | 36 1 18 [ 37 | = | 35 | Seen
0 4 8§ [|emi] 38 4 9 18 i 37 |Sheen
5 5 11 |iaad 40 | 4 5 | 11 ] «= ] 39 | Sad
2 5 10 |ae] 43 0 4 8 | .= | 42 |Dhad
5 10 | 20 | & | 44 Y Tta
3 6 11 | & | 46 N Za
11 | 13 | 25 | - | 49 3 151 30 | = | 48 | Ain
1 4 g |l 53 | 2 4 8 £ | 52 |Ghain
3 7 14 [a5] 57 9 5 | 11 s | 56 | Fa
2 8 16 | & | B0 3 13 26 | = 59 | Qaf
5 12 | 23| =« 162 4 [ 10] 19| £ | 61 | Kaf
0 15 | 201 1 | 64 6 | 74 | 148} 1 | 63 | Lam
2 30 | 60 | = | 68 3 | 31| 81| = | 67 |Meem
27 | 38 | 75 [&| 72 1 11 | 23 o | 71 | Noon
0 6 12 |Fei] 76 0 5 | 11 2 | 75 | Ha
20 | 49 | 98 | » | 82 5 | 35| 1 Fid 81 Ya
10 | 86 [141] L | 2 Alif
13 | 15 | 28 |1 x| B 19 | 221 44 [ 5 Ba
2 4 8 a | 10 2 4 8 1 g Ta
1 8 17 | e | 14 3 4 g ¢ | 13 | Tha
2 6 | 12| « | 18 2 6 | 11 sl 17
1 5 10 | » | 22 2 2 4 =1 21 | Hha
1 4 8 &1 26 1 4 8 & | 25 | Kha
1 8 15 FSaid] 28 5 | 15| 31 » | 27 | Dal
1 7 14 -5 30 | 4 g | 16 > | 29 | Thal
1 19 | 38 | n.] 32 3 | 61123 L 3 Ra
1 6 12 150l 34 1 5 9 5 | 33 | Zay
1 31 63 | U 41 i Sad
A < 5 10 Ja 45 Tta
L 5 S| 19 .. a7 Za
1 4 8 |age] 59 0 4 3 = .| 50 | Ain
0 5 10 | ¢ 55 1 4 8 P 54 |Ghain
3 6 12 | #¢ax] 58 iy Fa
] & Qaf
fei3 T 1 Kaf
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Note that in this Table:

Column 1 (and 6) is the number of misclassified character pattemns.

Column 2 (and 7) is the number of character patterns used for testing the network.
(The same numbser is used for training the network).

Column 3 (and 8) is the total number of character patterns.

Column 4 (and 9) represents the Arabic character.

Column 5 (and 10) represents the character number.

Column 11 represents the Arabic character pronunciation.
5. Experimental Results and Discussion

This research deals with Arabic character recognition by benefiting the position of the characters in a
word. The trip to recognizing Arabic characters that have been extracted from words includes several
stages. It starts with processing the slanted words and ends with getting the features of secgmented
characters. Some of the preprocessing techniques involved are being implemented in Arabic handwriting,
{o make it invariant to some of the distortions affecting handwriting. The features extracted for each
character arc entered as inputs to a back-propagation ncural network for recognition.

A single writer wrote 300 chfferent Arabic words and after that he was asked to write them again
(results in a data set of 600 words). The slant and slop correction was done to each word. Some words
are not comected properly because the characters of the word are not wntten in the same direction, the
baseline for those could not be calculated. That case might happen in particular words that contamns
character ( kaf in theirmiddle, 5), like (43, This problem can be overcome in calculating the baseline
for lines of several words. Those words were deducted from the data set. Half of the data set was used
(after preprocessing) for training neural network while the other half was used for testing 1t.

The neural network classifics the characters on the basis of the features. Feature classification must be
optimal in order to extract distinct primitives and to correctly identify the character. However, the hand-
printed characters tended to have hairs, that created problems in generalizing the primitives. Another
problem encountered with during feature extraction was fixing the direction of curves.

The segmentation was the most problem generating part: the word is segmented into sub-characters
(frames) by calculating the histogram, and then each frame is segmented again into more segments. By
trial, it was found that if the frame contained a larger part of the target character, the result would have
been more accurate. On initiating the experiment, the frames were segmented into five parts, that
reflected the position of the features in the word based on baseline positions. But the result was not
encouraging. The number of segments in ¢ach frame was decreased to three, and the neural network was
trained again

Some of the missclassified characters have wrong dots number or location in the character. The deduction
of these frames from the data set used for training and testing the neural network would certainly improve
the recognition process accuracy.

6. Conclusion

This research proposes a technique for the recognition of handwritten Arabic characters using geomeirical
features extraction and neural networks. There are four main advantages of this technique. First, the
proposed technique combines rule-based (structural) and classification tests. Second, it is more efficient
for large and complex sets, such as Arabic characters. Third, feature extraction is inexpensive, Fourth, the
extraction time is independent of the character size. Preprocessing techniques have been described
including segmentation of word images, to give invariance to scale, slant, slope, and stroke thickness.
Represcntation of the image is discussed and the skeleton and stroke features used are described. A
backpropagation neural network is used to estimate probabilities for the frames of characters represented
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in the skeleton. This analysis exploits the position of a character in the word, and differs from previous
ones in the field of off-line handwritten Arabic character recognition by dealing with recognition as a
whole process. The process contains several steps that cannot be separated from each other ( ie.
preprocessing, segmentation, feature extraction, and classification). An 69.7 percent recognition rate has
been achieved for the character frames of data. Comparison of results, obtained in this research, with
other researches’ is difficult to make. There is no objective measure of good handwriting because of
differences in experimental details, the actual handwriting used, the method of data collection, and of
dealing with a hale off-line handwritten Arabic word. Single-author error rates for systems applied to
handwriting in English (with post-processing) include 87 percent [11], 52 percent [16]. 50 percent [17],
and 30 percent [18]. Even in human recognition of an average handwriting, an estimated misclassification
rate of 4% is unavoidable [5]. Moreover, humans usually use context as the main discriminator. This
means that having an 100% recognition rate of handwritten characters without having the contextual
information is near to impossible.

7. Future Work

Although “completely” automated off-line handwritten Arabic document recognition is not foresceable in
the near future, this research as well as other researches in the field of off-line handwritten character
recognition, are only steps towards.

The future work that can be done, relative to this research, cannot be counted. At each step in this
research, there can be a developing work. The following are suggestions to improving the performance of
each step involved in handwritten Arabic character recognition.

At the Preprocessing step any Contextual information that can be obtained before the segmentation
stage is helpful. For example in characters (3, — ), (>, ) and (& ) the first character cannot be

connected from the left side, and the second at the end of it. In (—=, ¢), the first character must be at the
beginning of a word (or subword) and the second is at the end

At the segm entation step, a step generating lots of problem s, the segmentation can be mare accurate if
some rules (constraints) are established. Segmenting no loop, i.e. the line which representsthe edges of
frames, should not cut any loop. That will overcome the problem of concatenating characters like (s

G oaoap,e, = b 1y

At the Feature Extraction step, a dding different features topology like F ourier D escriptor (FD) may
increase the recognition rate. Change the dot(s) features to three features indicating their relative position

to the body of the characters. Stroke feature can be added for a mare accurate recognition of characters
tike (2 & 5,

During the recognition process, more samples of frames can be added to increase the recognition rate.
Finally, a post-processing operation can be done using a hidden Markov model (HMM), to combine the
data likelihood of frames of characters, which makes the best choice of words for the observed data.
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