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ABSTRACT

A method for the recognition of Arabic characters entered
from an image scanner is presented.  After the process of
smoothing, midine skew correction, Arabic text s
sgmented into characters.  Then features are extracted
usng Hough tranform.  Next, characters are classfied
usng Dynamic programming matching technique and the
edtracted features. Characters classfication is done in two
deps in the firge one the character’s main body is
cassfied usng DP matching technique, and features
extracted in the Hough transform space. In the second one,
smple topological features extracted from the geometry of
the secondary parts are used by the topological classfier to
completely recognize the characters. The topological
features used to classify each type of the secondary part are
the width, the height, and the number of the secondary part.
Knowing both the main body of the character and the type
of the secondary parts (if any), the character is completely
identified. A recognition rate of about 95% was obtained.

Keywords Arabic scripts, Hough transform, Midline
<kew  correction, Features  extraction,
Dynamic programming, Recognition

10 INTRODUCTION

The objective of opticd character recognition (OCR) is

automatic reading of opticaly sensed document text

materids to trandate human readable characters to

mechinereadable codes [1]. Research in OCR is popular
for its various application potentials in banks, post-offices
and defense organizations. Other agpplications involve
reeding ad for the blind, library astomation, language
processing and multi-mediadesgn [2, 9].

For the first time OCR was redized as data processing
approach, with particular applications to the business world.
Currently, PC based systems are commercidly available to
read printed documents of sngle font with very high
accuracy and documents of multiple fonts with reasonable
accuracy.
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Most of the avalable systems work on Latin scripts,
Chinese and Japanese scripts [37].  However the machine
recognition of Arabic text has not been fully explored. The
difficulty involved in processng Arabic text is smilar to
that of cursve Latin.  This is primarily due to the
connectivity  between characters that complicates the
segmentation of each character from the word in which it
occurs.  Furthermore the connectivity of the variant shape
of Arabic characters in different word postion creates
ancther problem in recognition.

In this paper, the Hough transform [10, 11, 12] is used as a
method for extracting the main features after character
segmentation was done.  Characters are segmented  into
main pats and secondary pats (if any). Secondary parts
are identified usng a topologicd dlassfier and fedtures are
extracted from the geometry of these secondary parts
These feetures are the height, the weight, and the number of
secondary parts.  Main pats are identified by the Dynamic
programming matching technique [13, 14, 15] and features
are extracted in the Hough transform space.

The organization of this paper is as follows. In section 2, a
survey about past literature in the fidd of Arabic characters
recognition is given. In section 3, the properties of Arabic
characters are presented. In section 4, text digitization and
skew-correction techniques are described.  Section 5 dedls

with line, word and characters segmentation. The feature
extraction method is described in section 6. Section 7
describes the character recoghition procedure.

Experimentd methods and results are given in section 8.
Lasly, the concluson and scope of further work are
described in section 9.

20  LITERATURE REVIEW

Research on the Arabic recognition of character did not
start early; the first paper was done by Amin et d [16]. The
study adopted a dructura classfication method for
recognizing online handwritten isolated Arabic characters.
Features such as the shgpe of the main droke, the number
of strokes, the number and position of the secondary parts
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are then extracted from the charecter. If these features do
not permit the recognition of a character by a smple
dichotomy consultation of the dictionary, a backiracking is
performed in order to correct the shape of the main stroke.
Findly, secondary festures of the main stroke such as the
frame dze the dart point and the curvature are extracted
using a distance function in order to remove the ambiguity
and provide an exact mach. Pahami and Taraghi [17]
introduced an off-line  technigue for the automatic
recognition of printed Fars text. The authors sdlected 20
features based on certain geometric properties of the Fard
symbols to congtruct a 24-bit vector and then compare it
with entries in a table where an exact mach is checked
first.

Amin et d [1819] introduced two methods for recognizing
ontline cursve words. The first is a syntacticd method
[18] based on the segmentation of words into primitives
such as curves and strokes.  An automaton transforms the
primitives into a lig of the characters congtituting the word.
The second method [19] uses a globa approach: each word
is identified according to a vector of some predetermined
parameters.  Furthermore, to enhance the recognition rate, a
gsyntectic  and semantic  andyzer that verifies the
grammatica gructure and the meaning of Arabic sentence,
isused.

Ula [20], used a table look-up for the recognition of isolated
handwritten Arabic characters. In this approach, the
character is placed in a frame, which is divided into sx
rectangles and a contour tracing agorithm is used for
coding the contour as a set of directionad vectors by using a
Freeman code. However, this information is not sufficient
to determine Arabic characters. Therefore,  extra
information related to the number of the secondary parts
and their podtion is added. If there is no match, the system
will add the feature vector to the table and consider that
character asanew entry.

Almudlim and Yamaguchi [21] presented a sructurd
recognition technique for Arabic hand-written words. Their
systems consist of four phases. The first is preprocessing,
in which the word is thinned and the middle of the word is
cdculaded. Since it is difficult to segment a cursve word
into letters, words are then segmented into separate strokes
and classified as strokes with a loop, strokes without a loop
and complementary characters (secondary parts).  These
srokes ae then further classfied using their geometrica
and topological properties.  Findly, the relative postion of
the classfied drokes is examined and the drokes are
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combined in severd geps into the string of characters that
represents the recognized word. Most errors were due to
incorrect ssgmentation of words.

El-Shekh and Guindi [22] introduced a system for
recognizing typewritten Arabic text. Words are segmented
by tracing the outer contour and cdculaing the distance
between the extreme points of intersection of the contour
with a veticd line The segmentation is based on a
horizontal scan from right to left of the closed contour
usng a window of adjustable width. For each position of
the window, the average veticd digance is caculaed
across the window. Findly, a set of Fourier descriptors
derived from the coordinate sequence of the character outer
contour is used to diginguish the different characters. El-
Khay and SdAhmed [23] utilized moment invariant
descriptors to recognize the segmented characters, while El-
Dabi e da [24 adopted a datigticd approach for
recognizing Arabic typewritten charecters. In this approach
the characters ae segmented and recognized by using
accumuldtive invariant moments as feature descriptors.  Al-
Youssfi and Uda [25] introduced a dtatistical approach for
recognizing Arabic characters.  The charecter is segmented
into primary and secondary parts. Secondary parts are then
islated and identified separatedly and the moments of
horizontal and vertica projections of the primary part of the
character are computed. Margner [26] used outer contours
to ssgment an Arabic word into characters.  The word is
divided into a series of the curves by determining the start
and end points of the word. Whenever the outer contour
changesSgn a character is segmented.

Fekir and Hasseni [27] utilized moment invariant
descriptors  (developed by Hu [28]) to recognize the
segmented Arabic printed characters.  Al-Sadoun and Amin
[29] eadopted a dructural technique for segmenting and
recognizing Aradc printed text.  The dgorithm can be
goplied to any font and pemits the overlaying of
characters.  After preprocessing, the image is thinned. The
Freeman code is used to describe the skeleton shape. Then
the binary tree is segmented into sub-trees such that sub-
tree describes a charecter in the image Findly, the
character description is transfered from a binary tree
dructure to a string of primitives. This gtring is used to
identify the character utilizing four decision trees.

We can summaize the literature in the fidd of Arabic
characters recognition by the following table.



Table 1: Experimental systemsfor Arabic characters

On the Recognition of Arabic Characters Using Hough Transform Technique

Authors Type of Type of Type of
Approach Reading Character
Amin[16] | Structurd On-line Handprint
1980 approach characters
Parhami Structura Off-line Printed text
[17] 1981 | approach
Amin[18] [ Syntactica On-line Handwritten
1985 approach characters
Amin[19] | Structurd Off-line Handwritten
1987 approach characters
Ula[20] Structurd Off-line | Handwritten
1987 approach characters
Almudim | Structurd On-line Handwritten
[21] 1987 approach text
Elsheikh Structura Off-line Handwritten
[22] 1988 approach characters
Elkhaly Structura Off-line Printed text
[23] 1990 | approach
Eldebi Statistical Off-line Printed
[24] 1990 approach character
Margner Stetigtical Off-line Printed
[26] 1992 approach character
Fekir [27] | Stetitica Off-line Printed
1997 approach character
Amin[29] | Structurd Off-line Printed text
1995 approach

The weakness of al methods for the recognition of Arabic

characters mentioned in Table 1 is segmentation
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PROPERTIES OF ARABIC CHARACTERS

Arabic writing can be, in generd, classfied into typewritten

(Naskh),

Roya and Thuluth) styles.

handwritten (Rug'a) and artistic (Kufi,

Diwani,

Arabic is written from right to left and is cursve in generd
i.e Arabic letters are normdly connected on the writing
lineto be cdled midline (Fig. 1).

s a1 dak 5

Midline
Fg. 1: An Arabic text

The Arabic characters are built by loops, curves and line
segments. In adition, some Arabic characters have the
same shape (Fig. 2), which are digtinguished from each
other only by the addition of secondary parts (Fig. 3).
These secondary parts are positioned either above, below or
indde the character. Furthermore, an Arabic character can
have different shapes depending on its posdtion in the word
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(beginning, middle, end or isolated). This increases the

complexity of the recognition of Arabic text.

& E &

Fig. 2: Three characters with the same shape

Fig. 3: Different secondary parts

40  TEXT DIGITIZATIONAND SKEW CORRECTION

To use an OCR system, the document is first scanned and a
digitd image is formed. Next, noise is cleaned and the
image skew, if any is corrected. The procedures used in our
system for these tasks are given beow.

41  Text Digitization and Noise Cleaning

Text digitization can be done ether by a Fat-bed scanner
or a handhedd scanner. Hand-held scanner typicaly has a
low resolution. We prefer a Flat-bed scanner (modd HP
50) for digitization because the output of hand-held scanner
is affected by hand movement cregting locd fluctuaions.
The image is converted into 0-1 labeds where 1 and O
represent object and background as wel as isolated black
pixels over the background, which are cdeaned by a logicd
smoothing approach.

42  Midline Skew Detection and Correction

Casuad use of the scannr may lead to a skew in the
document image. Skew angle is the angle that the text lines
of the document image make with the horizonta direction.
Skew correction can be achieved in two seps, namdy (a)
estimation of skew angle O s and (b) rotation of the image
by ds in the opposte direction. Skew correction is
necessry for the success of many OCR sysem. There
eigd a wide variety of skew detection agorithms based on
projection profile [30], Docstrum [31], line correlation [32]
€etc.

In this paper the skew correction is based on the Hough
transform dgorithm. Before we go into the description of
the method, a brid explanation on the Hough transform is
given.

421 Hough Transform

The Hough tranform [10, 11, 12] can be used to detect,
among other things draight lines in digitd images.  In
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polar coordinates, a draight line can be described via the
equation:

r =x*cosq +y*sing 0°<=q <180° @
The above equation describes a mapping of a point in the
Cartesian coordinate xy plane to the sinusoida curve in the
polar coordinate I -q plane. Consider N points that are
lying on a line ', =X00S(,+YysSnq,. The Hough
transform maps N points into N sinusoidal curves that cross
a apoint (rg,qo)inthe I -0 plane (Fig. 4). It dso be
sad that the intersection point (I ,,0,)of N sinusoidd
curves denotes a line in the xy plane corresponding to
(r 9,90) passing through these N points. The I -0 plane
is quantified in accumulaor cdls, where each cdl A(T ,

Q) keeps track of the number of intersections of sinusoida
curves for that cel. When the mapping is completed for al
the data points in the image, the accumulaed vaue in
A(r , d) represents the number of points lying on the

corresponding line in the xy plane. The line detection in a
binary image using the Hough transform dgorithm can be
summearized asfollows:

1) Define the Hough tranform t ... T s COhin @d

qmax-
Quantify the I -0 plane into cels by forming an
accumulator cells array A(r , d) where I is between

I nad I paandd isbetween Qi ,and Qo

Initidize each dement of an accumulator cdls aray A

to zero.

For each black pixd in a binary image, peform the

following:

d@ For exh vdue of g from Q. 10 Qe
cdculatethe corresponding ' using equation:

r =x*cosq +y*sing

2)

3

4)

b) Round off the I vaue to the nearest interval
vaue
¢) Increment the accumulator aray eement A(T ,
a).
d) Detect best line candidates as locd maxima in
the accumulator cdll array.
L X
-’:‘jﬁ' f/"”
5 . ff_z
o
__,/
_/'/’
-
i
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@
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Fig. 4: (8) Normd representation of aline,
(b) Representation of eight pointson it

4.2.2 Midline Skew Correction

It condsts of the extraction of the skew angle O

corresponding to midline using Hough transform. Tre
midline is conddered as the line corresponding to the
maximum points in the horizonta projection profile.  The

skew angle (gis detected by observing high vaued cdl in
the accumulative matrix in the Hough transform space. The
image is then rotated by (¢ in the opposite direction so that

the scripts become horizontd.  Fig. 5@ and Fg. 5(b)
repectively show an Arabic word before and after midline

skew correction.
@

s

©)

Fig. 5: () Before midline skew correction,
(b) After correction

50 SEGMENTATION PHASE

The segmentation process for the character recognition
problem can be divided into three levels line, word and
characters. Thelevels of segmentation are described next.
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51 LineSegmentation

This process ams to separate the pairs of consecutive lines
in the text. The process is based on the andyss of the
horizontal projection profile (HPP) of the text. Firdly the
number of black pixd is found for each row in the HPP.
This number is big a or near the center row of each text
line. Secondly, word boundaries are determined by looking
a the horizontd gagp in the segmented line These ae
identified by a full row of pixes with zero vaue. The
identified rows are then checked top down to determine the
top and bottom of each text line.

52  Word Segmentation

After a text is segmented, it is scanned verticdly. If in one
veticd scan two or less black pixels are encountered then
the scan is denoted by 0, dse the scan is denoted by the
number of black pixels. In this way a vertica projection is
congructed. Now, if in the profile there exist a run of a
least k consecutive O's then the midpoint of that run is
consdered as the boundary of a word. The vaue of k is
taken as a hdf of the text line height. An illustration of the
method is shown in Fig. 6.

ok et

OV TRy Ry

Fg. 6: Words segmentation
(lines are the separators of words)

53  Characters Segmentation

Character segmentation involves the building of vertica
projection profile of the middle zone of the word (note that
the middle zone is chosen that the secondary parts are not
beonging to it). A fixed threshold is used for segmenting a
word into characters. From the threshold leved the
dgorithm searches for the breek dong the verticd
projection profile.  An illustration of the method is shown

inFg.7.

andeandin bhod

Fig. 7: Result of ssgmentation
(thisword is segmented into four characters)

Once the chaacters ae sgmented, a lower levd of
segmentation  is  applied. The purpose of the lower
sgmentation is to isolate the dots and zigzags (secondary
parts) that are associated with each. The characters are now
segmented into primary and secondary parts. The purpose
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of segmentation is to isolae the secondary parts and
identify them separately. The final sep involves the
recognition of the primary part of the character.

60 FEATURE EXTRACTION

It is known that a feature represents the smallest set that can
be used for discrimination purposes and for a unique
identification for each character. Festures can be dassfied
into two categories:

1) Locd feaures which ae usudly geomeric (eg.

concave/convex pats, type of junctions inter-
sections/T -junctions/endpoaints, etc).
Globad features which ae wusudly topologica
(connectivity, number of connected components,
number of holes ec) o daisicd (Fourier
transform, invariant moment, €tc).

&.
1:). j N
@ (0)]

Fig. 8: (8) Before thinning,
(b) Result of thinning process

2)

In this section the Hough transform (HT) is used as a
feature extraction mechanism. The HT is a linear transform
origindly developed for line detection in digitd pictures
To demondrate the extraction process, an example is given.
The transform is applied to the skeleton of the character's
man body after size normdization. The resulting vaue of
I gven by Eqg. (1) for each quantified vdue of 4 in the
range of 0°<=0 <180°, define cdls in the aray. Whenever
a cdl is sdected in this way, its content is incremented by
one.

According to the dructure of Arabic characters 0 was
quantified into 12 levels with a step of 15°. Straight lines
are then detected by obsarving high vaued cdls in the
accumulative matrix H(r , d). Pesks are found if the
vadue of H(r, 0) exceeds a threshold vdue. Fg. 9
illugtrates the transform of the character shown in Fig. 8b.
Fig. 10 illustrates the result obtained by application of the
HT to the skeleton of the character (Fig. 8b). The Hough
doman is the chaacter skdeton and this image is
transformed by Eq. (1). As in the procedure for raight
lines detection, a threshold is applied to every cell and those
cels whose count is higher was sdected.  The threshold
diminates low count cdls regarded as noise and leaves high
vaued cdls that have geomericd meaning in the imege
space.  The coordinates (I , ) of the remaning cdls are

the extracted features.

By variation of the threshold value for each character
during the experiment, an optima empirica vaue has been
found to be 12. After the pesk detection esch character is
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represented by a set of strokes, and each stroke consists of
three festure dements. I , d, ad H(I' , @ ), which from a
feature vector where, O describe the position and direction
of the stroke and H(r , d) represents it length. For
abbreviation, L is used to represent the length of the stroke.
Then a character can be represented by a st of feature
vectors V=i (r;, ¢, L;)i=0..N y where N is the
number of gtrokes extracted.  According to this st of
feature vectors, matching is performed for recognition.

H(p 8] e

Fig. 9: The array of accumulators content after transforming
the character shown in Fig. 8b

r qa; L
40 30 9
50 45 14
20 60 20
70 75 8
80 135 12

Fig. 10: Extracted features

70 CLASSIFICATION

Chaacters are classfied in two steps: in the first one, the
character main body is classfied usng fedtures sdected in
the HT gpace and dynamic programming (DP) matching
technique. In the second one, simple topologicad features
extracted from the geometry of the secondary parts are used
by the topologicd dlassfier to recognize the character
completely.

71 Dynamic Programming
Matching is another part of pattern recognition. DP was

applied to speech recognition by Sakoe, et a [13]. It was
used by Tappert [14] to recognize Latin cursive scripts, and

by H. Sakoe [15] for the recognition of Chinese characters.
The DP draegy is a useful technique for the problem of
optimization. It is often used to find the shortest path from
one place to another and solve the comparative problem
beween two dgrings.  The template matching process is
illugrated in Fg. 11. In this figure, the horizonta axis
represents the reference template R which has been divided

into m feature vectors R; (1£iEm). Smilarly, the verticd
&is represents the unknown template U, characterized by
its n vectors Uj (1£j£n). Each grid intersection point (i, j)

represents a possble match between dement i of the
reference  template and dement j of the unknown.

Associated with each such point is a distance measure d |
which is a function of the feature vectors R; and Uj and

describes the dissmilarity of these two elements.

Any monotonic path from endpoints (1, 1) to endpoint (m,
n) represents a possible mapping of the unknown utterance
onto the reference.  The accuracy of such a mapping can be
measured by summing al disance terms d dong the path.
For an unknown/reference pair, the objective is to find the
monotonic warp function which minimizes the accumulated
distance between the endpoints. Although the best warp
path could be found by exhaudtively searching dl possble
warp paths, this is not a practica solution since the number
of posshle paths is large and exponentidly related to the
size of the array.

Dynamic programming theory teaches that if point (i, j) and
(k, 1) both lie on the optimum path, then the subpath from
@i, j) to (k, 1) is locdly optimum. This means that the
optimum globa path can be found by optimizing loca
paths, one grid cel a a time. This is done in practice by
assigning a patid sum SI’J. to each grid intersection. The

partial sum Sisdefined by arecursion of theform

i, j)=d; j Hmin{Si-1, ), (-1, j-1), S, )}
where
S, 1 =d

S

1701 +S

1-11"

111 Sl,j:dl,j+sl,]--l

dij =Iri-rjHai-a; |

These st the values dong the axes i=1 and j=1, S, the
vdue which messures globd dissmilarity between the two
petterns, is found by recursive evaudion of S ; for dl
points (i, j) in thelattice.

The DP process gives a cumulative distance between
patern U, and R. Decison is made by searching for the
minimum  disance vdue cdculaed by DP for each
reference pattern R.
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Fig. 11: Dynamic programming principle

72  Classfication of Secondary Parts

In this classfication stege, the dgorithm searches for the
secondary parts, which may be placed over or under the
character main body (primary parts). Knowing both the
man group of the primary parts and the type of the
secondary parts (if any), the character can be completely
identified. A secondary part can be considered as a droke
with a short length.  All the information needed for
evaluation of the secondary parts are extracted by scanning
the image of the character. During the scanning of the
segmented character, the number of black pixes is added to
find the tota number of ones. The verticd and horizonta
projections are calculated. During the scanning of rows, the
number of ones is counted untii an empty row is
encountered.  This indicates a separate segment.  The
process is continued until the entire image is scanned,
giving esch segment a number.  For esch segment, the
number of black pixels (BP's) and the number of rows
included in the segment (NR) are found. The segment that
has more than haf the total number of BP's is classfied as
the primary character. The primary character can only be
the firgd or the last segment since Arabic characters can
have secondary parts either above or below but not both.

After obtaining the above information, the secondaries are
diminated, leaving only the primaries. Compaing the
horizontal  projection of the whole character and the
primary pat more information can be oktained.  The
information includes the number of ones (BPS) in each
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segment, the number of columns each segment pans
(width) and the number of rows in each segment (height).
This information is important for the recognition of the
secondary parts.

Table2: Some references characters

PR - R B | i
bl ||k 32|
O - A - S IR S A I
E = | - o Plal i I (L
] Bl Bl I~ I ol ol B
8] 4 | & | i = = ;
Al |a|&F | & |2
PEL I LS - I O B x
P2 [ I T O i
2 il el I O -+
o B I I +
2o b | | e | e ,__J_-
3 PO TN [-g A R
O I e T R el
80 TEST RESULTS

The method is applied to a set of 300 words. Before
computing the actud recognition rete, a reference database
had to be built for matching. Table 2 illustrates some
reference characters used in the experiment. Because of
memory gspace limitation of computer used, the character
database resided on a disc. The database was divided into
two exclusve sdts, one used for training, and the other for
tes. To obtain the actud recognition rate, every unknown
input pattern should be matched with the reference patterns
to compute its smilarity, and recognized as the one with the
minimum dissmilaity among dl the reference characters
(Table 3). Recognition erors occur if the character
recognized is not the actud one. By counting the number
of recognition erors, the actud recognition rate can be
derived.

In this experiment, the actua recognition rate for 300
characters obtained from the segmentation process was
about 95%. We found two types of errors. substitution
erors and regection errors.  Regection erors are usudly
caused by bad printing. Substitution errors are the most
common in our sysem. They usudly occur because of
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thinning problems. For example the character in Fig. 12a
was classfied as the character shown in Fig. 12b.

The programs were written usng C languege usng a
personndl computer with an image scanner.

] p

@ )

Fig. 12: (a) Character “waw”, (b) Character “ra’

Table 3: Similarity between some references characters
(inline) and unknown ones (in row)

1 2131415 6 [ 7] 8 9 | 10

080 044 (025 (045 028 | 032| 037 | 046 | 043 | 0.35

050 074]|025(032 012 | 041 032 024 [ 020 | 0.35

028 019|078 (031|018 | 029 034 | 027 [ 030 | 0.24

049 041|037 (061|014 | 039 037|026 | 0.41] 020

027 028|017 (018 |067 | 026 020 032 [ 033 | 0.12

051 035|034 (036|051 | 082 063 | 041 | 047 | 0.39

036 028|035(043 1021 | 038 073|031 (051|028

040 020|028 (041 |033 [ 054|031 078 (021 ] 022

OO N[OOI~ |W[IN|F-

029 023 (037 (045|035 | 052| 037 026 | 093 | 0.38

052 029|038 (051|011 | 052 032 | 056 | 041 | 0.89

=
o

90 CONCLUSON

This study has presented a recognition method usng DP
and features extracted usng Hough transform. The method
overcomes not only the problem of noise sendtivity in the
locd @pproach, but dso the problem of time beng
consumed in the globa approach. The reasons for using
DP consst of its computing time and effectiveness. The
DP is a vey flexible and effective method. It can
overcome many kind of problems such as data redundancy
and information loss, etc. Therefore the DP is suitable for
the recognition of Arabic <ripts due to its high
performance. The reason of using Hough transform is that
the Hough transform is computationdly smpler compared
to the Fourier transform.

As mentioned previoudy, no efficient technique has been
found for Arabic scripts recognition.  This fidd is of
importancefor futureresearches.
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